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Abstract  
Safety is the top priority at an airfield: it is the goal of any airport to provide safe, reliable 
service for all users.  Foreign Object Debris (FOD) on the airfield poses a threat to aircraft and 
personnel.  Technology has advanced to develop radar-based and electro-optical FOD detection 
systems which alert an operator when FOD is present. 
 Airfield pavement needs to be closely monitored for FOD generation as well.  As 
pavement deteriorates, its potential to create FOD increases.  The relationship between airfield 
pavement management and FOD detection systems has not been explored in detail, but the 
benefits of using a detection system to monitor pavement condition are numerous.  Pavement 
Condition Index surveys could be safer and faster, with distress data archived for future use and 
comparison.  This study explores the possibility of using an electro-optical sensor for airfield 
pavement management applications. 
 This thesis presents a multiple phase study.  First, a Pavement Condition Index survey 
was investigated at O’Hare International Airport.  The data collected was used for image 
processing and various comparisons.  In addition, a cracking simulation study was conducted in 
an attempt to find an object to approximate a pavement distress on pavement where few 
distresses are found.  Archived pavement images were analyzed and compared to recent data.    
 The Pavement Condition Index survey performed on Taxiway MM at O’Hare 
International Airport yielded a value of 22 out of a possible 100.  The distresses recorded in the 
Pavement Condition Index survey were identified on the images captured by the iFerret.  They 
were also compared to vertical images captured by a standard digital camera. 
The cracking study showed that spray-painted steel strips served as close approximations 
to pavement cracks when cracks were not readily available for testing.  Critical parameters were 
identified for sun angle, crack orientation, distance from camera, width of crack, and aspect ratio.  
The distress images compared showed that for low and medium severity, longitudinal cracks 
were easier to detect on images.  Transverse cracks were easier to identify at high severity.  This 
study provides a foundation for further exploration of airfield pavement management using FOD 
detection systems.   
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Chapter 1: Introduction 
 
1.1 Airfield Pavement Management 
Paved surfaces are the major infrastructure investment of an airport, and present a critical 
maintenance requirement for airport operations.  Federal Aviation Administration (FAA) Part 
139 requirements for airports specify regular monitoring of pavement surfaces for foreign objects 
and annual certification inspections focused on pavement condition (1). 
Over time, pavement degrades due to factors such as environmental conditions, loading, 
and problems with mix design or construction.  Asphalt pavement and Portland cement concrete 
develop distresses from different mechanisms, due to the difference in material properties.  A 
standardized Pavement Condition Index survey was developed and published by the American 
Society for Testing and Materials.  This standard, ASTM D5340, outlines a procedure for 
documenting the type, extent, and severity of each distress identified in a section of airfield 
pavement.  From this procedure, an index value between 0 and 100 is calculated and assigned to 
the pavement in question.  This standard allows airfield pavement condition to be monitored over 
time, thus enabling for maintenance and rehabilitation practices to be more effectively 
administered. 
 
1.2 FOD and FOD Detection 
It is well understood that Foreign Object Debris (FOD) poses a major safety threat to 
aircraft.  FOD can be any object that can cause damage to an aircraft or personnel.  A recent 
Advisory Circular (AC 150/5220-24) notes that “FOD can be generated from personnel, airport 
infrastructure (pavements, lights, and signs), the environment (wildlife, snow, ice) and the 
equipment operating on the airfield (aircraft, airport operations vehicles, maintenance equipment, 
fueling trucks, other aircraft servicing equipment, and construction equipment)” (2).  Of these 
sources of FOD, pavement debris is one of the most prevalent.  Fortunately, pavement debris 
also has the potential to be the most predictable and is one of the more manageable FOD 
problems.  
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In 2009, the iFerret FOD Detection System developed by Stratech Systems, Ltd. was 
installed at the Chicago O’Hare International Airport (ORD).  The iFerret is a fixed location, 
electro-optical system designed to assess runway and taxiway conditions.  This thesis outlines 
research activities designed to expand operational capability beyond FOD detection and provide 
the data needed for pavement condition monitoring and maintenance decision making. 
The FOD detection system developed by Stratech responds to the requirement for 
detection of the wide range of FOD items described in AC 150/5220-24, and alerts airport 
personnel to the location of the FOD.  The iFerret system collects information on airport surfaces 
that are archived and available for later review.  This archived information is the focus of this 
research effort.  In addition to FOD detection the systems can provide invaluable information on 
time-specific condition of pavement surfaces and distress trends.  What is needed is a directed 
effort to evaluate sensor utility in assessing pavement condition and integration of the sensor 
information in maintenance programs for airport pavements. 
 
1.3 Problem Statement 
The link between airfield pavement management and FOD detection systems has not yet 
been studied in extensive detail.  There are great benefits for airport managers and pavement 
engineers if a relationship is developed between the two, as well as for companies with expertise 
in FOD detection and mitigation.  Radar and electro-optical detection systems have the potential 
to be applied to pavement management technology, but has so far been explored in only limited 
capacity. 
Providing a dual-capability system would make expensive FOD detection systems more 
appealing to airports.  Pavement engineers and airport managers could expect a faster, safer way 
to collect pavement data by running a sweep of the detection system.  The information gathered 
in each sweep could be archived for future reference and comparison, giving the engineers the 
ability to closely monitor the pavement condition over time. 
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1.4 Objectives 
The objectives of this thesis are: 
1. To conduct an in-depth review of literature pertaining to airfield pavement 
management, Foreign Object Debris (FOD) and systems designed to detect FOD, 
automated pavement distress data collection, and image processing and evaluation. 
2. To administer a Pavement Condition Index Survey following ASTM D5340 to an 
area of airfield pavement in visual range of an iFerret system and gauge the visual 
and software capabilities of distress detection. 
3. To test a possible pavement crack simulator in the field and assess its performance. 
4. To visually compare pavement distress images as captured by a digital camera and 
images captured with the iFerret system. 
5. To determine critical parameters which affect the quality of images and ease of 
detection, including crack severity level and direction of crack propagation. 
 
1.5 Scope of Study 
 A literature review was completed to gain a thorough understanding of airfield pavement 
management and FOD detection, as well as automated data collection and image processing.  
Then, a Pavement Condition Index survey was conducted on Taxiway MM at O’Hare 
International Airport, the site of the iFerret electro-optical detection system.  In addition, a series 
of tests were run in the field to gather data to investigate the simulation of pavement cracks.  
Since the pavement cannot be intentionally broken on an airfield to observe distresses, it is 
necessary to find a suitable object to simulate cracks.   After the field data was collected, the 
images were analyzed to determine critical parameters and ease of feature identification.  Finally, 
results were presented, conclusions were made, and the continuation of the study was discussed. 
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Chapter 2: Literature Review 
 
2.1 Airfield Pavements and Deterioration Modes 
An airfield pavement structure is designed considering a multitude of factors, including 
the anticipated aircraft loading, local climatic conditions, and design life with minimum 
maintenance and rehabilitation.  Deciding factors in long-term performance include adequate 
design of pavement structure, use of quality materials, use of proper construction procedures, and 
timely maintenance and repairs (3).  The airfield can be designed as flexible (Asphalt Concrete), 
rigid (Portland Cement Concrete), or composite (a combination of the two).  Portland cement 
concrete pavement is widely used in initial construction for runways, taxiways, and apron areas 
at both civilian and military airports.  As the pavement ages and is subjected to loading and 
environmental factors, it deteriorates and distresses form.  Figure 1 shows the reconstruction of 
Carlsbad Palomar Airport in June 2010, after rubblizing an existing 15 year-old Porous Friction 
Course. 
 
Figure 1:  Runway Reconstruction at Carlsbad Palomar Airport (Photo by S. Graves) 
Asphalt concrete (AC) pavement deteriorates differently than Portland cement concrete 
(PCC).  The materials used and the capacity in which the material is constructed and formed 
dictates that the pavement inherently degrades in a different manner.  In addition to differences 
in material properties and construction practices, Portland cement concrete is much stiffer than 
asphalt concrete and distributes the traffic load over a much wider area.  Asphalt concrete 
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deteriorates in ways including cracking, distortion, and disintegration.  Portland cement concrete 
deteriorates by surface wear, cracking, chemical attacks and reactions, delamination, and 
deterioration of the slab joints.   
Figure 2 shows high severity block cracking on an Asphalt concrete pavement, and 
Figure 3 shows high-severity alligator cracking on an AC pavement.  Cracks in the direction of 
aircraft traffic (longitudinal) may be attributed to poorly constructed paving lane joints, AC 
shrinkage due to low temperatures, hardening of the asphalt, or reflective cracking caused by 
cracks beneath the surface course, including cracks in PCC slabs.   
 
Figure 2: High-Severity Block Cracking in AC (4) 
 
Figure 3: High-Severity Alligator Cracking in AC (4) 
 
The difference between longitudinal cracks in AC and PCC is the cause of the crack.  In 
PCC pavements, longitudinal cracks are caused by load repetition, curling stresses, and 
shrinkage stresses.  If the crack is of low severity, it is likely attributed to warping or friction.  
Figure 4 shows high severity cracking in Portland cement concrete.  Figure 5 shows a type of 
deterioration specific to PCC pavement, corner breaking. 
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Figure 4: High-Severity Crack in PCC (4) 
 
 
Figure 5: High-Severity Corner Break in PCC (4) 
 
Airport Pavement Management Systems (APMS) are computer-based applications 
requiring data input, which in turn outputs cost-effective maintenance and rehabilitation 
strategies with the objective of preserving the airfield pavements.  These support systems can be 
used by airport operations personnel or other agencies monitoring the safety and function of the 
airfield, including runways, taxiways, aprons, and more (5). 
Pavement management systems are essential to monitor distresses and assist in 
determining rehabilitation steps if needed.  There are many practices currently on the market for 
keeping roadways in functioning order with high quality.  An important concept being developed 
is pavement distress prediction.   
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 Many different pavement distress prediction systems exist:  Some are based on fuzzy 
regression, Markovian approaches, or neural networks (6).  One study introduced a program of 
predicting reflective cracking in AC overlays that can complete a 20-year simulation in 1-4 
minutes using a mechanistic model.  This program considered three mechanisms of overlay 
cracking: bending, shearing, and thermal stresses.  Many previous methods did not take all three 
mechanisms into account (7). 
 Some thermal cracking models use cohesive zone fracture models to accurately depict 
AC material behavior.  One such prediction system also incorporates a viscoelastic finite element 
analysis engine to account for rate- and temperature- dependent behaviors to better predict 
thermal cracking (8). 
These pavement management software and systems focus on specific distress types and 
are not normally implemented for airfield pavements.  Commonly, airfield pavements are 
maintained and rehabilitated based on immediate need or experience as opposed to long-term 
planning and data collection (9).  There are two methods currently in place to determine how 
funds are allocated for airfield pavement management: 
1) The “Ad hoc” approach:  The maintenance and repair (M&R) is approached based on 
previous experience.  Any past successful M&R techniques from similar problems are 
recalled to be applied to the current situation. 
2) “Existing Condition” approach: The pavement network is evaluated and analyzed 
using an array of condition indicators.  Using these results, M&R techniques are 
chosen.  This practice is based only on current pavement condition, and does not 
consider life-cycle cost (LCC) analysis.  One condition indicator that is commonly 
used is the Pavement Condition Index. 
For more information on pavement distresses, Medina-Chavez, Choi, and Won (2008) 
evaluated the quality of original Portland cement concrete under thin overlays (10).  An NCHRP 
(2010) study tested asphalt concrete samples to determine fatigue endurance and variability (11).  
In addition, Zhang, Cai, Chong, Wang, and Hao (2009) used measured data to calculate the 
remaining life of PCC pavements at military airports (12).  Buttlar, Smith, and Sherman (1999) 
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explored the rehabilitation options for mitigating reflective cracking, using test sections at the 
National Aviation Center in Rantoul, Illinois (13). 
The interested reader can also be referred to more papers on the subject of prediction 
systems.  Shah, Tighe, Stewart (2004) developed a pavement deterioration index based on 
Markov chains called the Condition Rating Index, intended to meet the needs of 1 Canadian Air 
Division (14).  El-Badawy, Jeong, and El-Basyouny (2009) developed a bottom-up fatigue 
cracking distress prediction model utilizing the Mechanistic-Empirical Pavement Design Guide 
(MEPDG) (15).  Chang and Chao (2009) discussed the development of a pavement rutting 
prediction model using the Group Method of Data Handling (GMDH) (16).  In addition, 
Kobayashi, Do, and Han (2010) published a prediction system for the deterioration of road 
systems using a method to estimate the Markov transition probability model (17). 
 
2.2 Pavement Condition Index  
The Pavement Condition Index (PCI) is a standard procedure for characterizing airfield 
pavement distresses, designated D5340-10 by the American Society for Testing and Materials 
(ASTM).  The Pavement Condition Index survey was created explicitly for the purpose of 
evaluating airfield pavements.  Distresses are quantified by type, extent, and severity, and the 
resulting data is converted to a Pavement Condition Index and rating (4).  A PCI of 100 indicates 
excellent pavement, and a rating of 0 shows that the pavement has failed.    Figure 6 shows the 
rating system. 
 
Figure 6: Pavement Condition Index Rating System 
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Asphalt concrete distresses considered in the PCI include alligator cracking, bleeding, 
block cracking, raveling, rutting, and shoving, to name a few.  These are distresses found in full-
depth AC pavements (including Porous Friction Surfaces) or PCC pavements with an AC 
overlay.  The mechanisms of the distresses are a material property that differs between AC and 
PCC.  Portland cement concrete distresses considered in the PCI include blow ups, corner 
breaks, durability cracking, scaling, and spalling. 
The PCI survey does not actually take into account the entire pavement surface.  Instead, 
for simplification, a representative sample is taken.  The pavement is first separated by usage: 
runways, taxiways, and aprons.  The single-use areas are then divided further if necessary based 
on pavement design, construction history, traffic, or condition.  Then the pavement is divided 
into sample units. 
For Portland cement concrete, the slabs typically delineate each sample unit, unless the 
joint spacings are greater than 25 feet.  If greater, they are split into imaginary slabs 25 feet long.  
For Asphalt concrete and porous friction courses, an area of 5,000 contiguous square feet 
(±2,000 ft
2
) constitutes the sample area.  The number of sample units inspected can range from 
all the sample units, a number that gives 95% confidence interval, or less.  The number of units 
for a 95% confidence interval is found using an equation.  The samples are evenly spaced 
throughout the section, with the first sample randomly selected using a second equation.  Each 
sample unit is visually inspected, each distress type, extent, and severity is recorded for the 
pavement section, and the quantities are added.  This data is converted to deduct values, which, 
when summed, are subtracted from 100, thus giving the PCI rating (4). 
The distress types, severity levels, and the number of slabs containing each type and 
severity (if PCC pavement) are recorded on a data sheet.  The total quantity of each distress is 
summed, and divided by the total area of the sample unit.  When multiplied by 100, this number 
gives the percent density of each distress type and severity.  The Deduct Value (DV) is 
determined for each distress type and severity combination using distress deduct value curves.  
For each distress type, a separate deduct value curve exists.  Figure 7 shows the deduct value 
curve for longitudinal/transverse cracking on an asphalt pavement.  Note that different curves are 
used depending on the severity of the distress recorded.  Using a series of equations and an 
10 
 
iterative process, the Corrected Deduct Values (CDV) are calculated, and the maximum CDV is 
determined.  The PCI rating is found by subtracting the maximum CDV from 100. 
 
Figure 7: Deduct Curves for Asphalt Longitudinal/Transverse Cracking (4) 
Certain types of distresses are more dangerous than others when found on an active 
airfield pavement.  When a pavement disintegrates to the point of loose material generation, it 
presents a hazard to the airport activities and operations.  This material is classified as Foreign 
Object Debris, or FOD. 
For more information on the Pavement Condition Index survey, Drenth and de Graaf 
(2003) explored the maintenance system of Amsterdam Airport Schiphol using MicroPAVER 
Pavement Management System and the PCI survey.  They also assessed the pavement condition 
using Non-Destructive Testing (NDT) techniques, roughness and skid resistance evaluation, 
Ground Penetrating Radar (GPR), and core borings.  Collectively, these make up the method 
called Structured Management (18).  In addition, Thuma, Fuselier, and Yip (2008) published a 
case study on how Washington Dulles International Airport uses the PCI inspection data for in-
house annual preventative and stop-gap maintenance requirements as well as for defining major 
rehabilitation projects (19). 
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2.3 Foreign Object Debris and FOD Potential Index 
Foreign Object Debris (FOD) refers to an object on the airfield pavement surface that can 
damage aircraft or equipment due to its presence (20).  On July 25, 2000, an Air France 
Concorde flight 4590 crashed, killing 109 people on board and 4 people on the ground.  It was 
later determined that the crashed was caused by debris from a destroyed tire.  The tire had run 
over a 16-inch metal strip on the runway that had been lost from an aircraft taking off 5 minutes 
prior (21).  It is clear to see the importance of preventing airfield FOD, as it is capable of injuring 
airport and airline personnel and passengers, as well as causing an estimated $12 billion of 
damage to the industry per year (22). 
Some pavement distresses are more likely to produce FOD than other distresses.  A patch 
that is performing satisfactorily has a low chance of generating FOD in its current state.  
However, a corner break of a concrete slab has a much higher chance that the distress will create 
FOD.  Any source of FOD is sometimes referred to as a Foreign Object Generator, or FOG.  
Figure 8 shows a spalling joint generating FOD from a scenic pad at O’Hare International 
Airport. 
 
Figure 8: PCC Joint Spalling at O’Hare International Airport (Photo by S. Graves) 
 The FOD Potential Index, used by the U.S. Air Force (23), is a system that characterizes 
distresses by their likelihood of generating FOD.  Their breakdown can be seen in Table 1.  The 
list of distresses contains those considered in the Pavement Condition Index survey, and the 
bolded distresses and severities are those considered Foreign Object Generators. 
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Table 1: PCI and FOD Distress Lists for Asphalt and Concrete Airfield Pavements (23) 
PCI and FOD Asphalt Distress List* PCI and FOD Concrete Distress List* 
Distress Type Severity 
Levels** 
Distress Type Severity 
Levels** 
Alligator cracking 
Bleeding 
Block Cracking 
Corrugation 
Depression 
Jet blast erosion 
Joint reflection cracking 
Longitudinal and 
transverse 
cracking 
Oil Spillage 
Patching 
Polished aggregate 
Raveling and weathering 
Rutting 
Shoving 
Slippage cracking 
Swelling 
L,M,H 
N/A 
L,M,H 
L,M,H 
L,M,H 
N/A 
L,M,H 
L,M,H 
 
N/A 
L,M,H 
N/A 
L,M,H 
 
L,M,H 
L,M,H 
N/A 
L,M,H 
Blow up 
Corner break 
Linear cracking 
Durability 
cracking 
Joint seal damage 
Small patching 
Large patching 
Popouts 
Pumping 
Scaling 
Settlement 
Shattered slab 
Shrinkage 
cracking 
Joint spalling 
Corner spalling 
L,M,H 
L,M,H 
L,M,H 
L,M,H 
L,M,H 
L,M,H 
L,M,H 
N/A 
N/A 
L,M,H 
L,M,H 
L,M,H 
N/A 
L,M,H 
L,M,H 
 
*FOD distresses are in bold. (Alligator cracking multiplier=0.6; joint seal damage 
multiplier=4.0.) 
**Severity levels are defined as (L)ow, (M)edium, and (H)igh. 
 These pavement distresses are major Foreign Object Generators.  It is important to 
maintain a good condition of airfield pavements to prevent the degradation from reaching a point 
where the pavement is a source of FOD.  Airports conduct close monitoring of airfield pavement 
in order to identify and remove any FOD, including FOD that is produced from pavement 
distresses. 
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For more information on Foreign Object Debris, Li, Keegan, and Yazdani (2010) 
explored how well the Pavement Condition Index is able to address the maintenance required to 
reduce and contain FOD, studied at both a commercial airport and a general aviation airport.  
They developed a normalized PCI-FOD system to identify sections requiring maintenance due to 
FOD that are overlooked due to acceptable PCI value (24). 
 
2.4 Airport FOD Detection Systems 
 A radar-based detection system functions via transmitting and receiving radio signals at a 
set frequency in order to detect an object within the range of the signal, as well as provide the 
location relative to the sensor (2).  An electro-optical-based system is a passive system that 
characterizes objects by processing light in visible or near-visible wavelengths within the range 
of the system.  This can be accomplished in a variety of ways, depending on the product. 
 Several companies produce electro-optical and radar detection systems for airfield 
environments.  Two radar-based sensor producers have worked closely with the Center of 
Excellence of Airport Technology (CEAT) at the University of Illinois at Urbana-Champaign.  A 
third manufacturer produces a hybrid radar/electro-optical sensor, and a fourth collaborator 
makes optical sensors. 
 QinetiQ manufactures the Tarsier
TM
 FOD Radar Detection system.  The system is based 
upon tower-mounted radar sensors operating at a central frequency of 94.5 GHz, continuously 
scanning the pavement surface.  2-3 sensors are placed around the pavement in question to 
ensure the radar achieves full coverage.  The sensors can detect FOD up to 1.25 miles away (25).    
Figure 9 shows a Tarsier
TM
 tower at TF Green International Airport in Providence, Rhode Island. 
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Figure 9: QinetiQ’s TarsierTM FOD Radar tower at TF Green International Airport (Photo by 
CEAT) 
Trex Enterprises manufactures the FOD Finder
TM
 Radar detection system, a vehicle-
mounted radar sensor with a detection range of about 200 meters.  It operates within a frequency 
band of 78-81 GHz and scans at a rate of about 30 sweeps per minute (26).  The vehicle has an 
on-board Global Positioning System (GPS) to identify the location of an object.  Figure 10 shows 
a FOD Finder
TM
 at O’Hare International Airport. 
 
Figure 10: Trex Enterprise’s FOD FinderTM Radar vehicle at O’Hare International Airport (Photo 
by CEAT) 
 Xsight Systems manufactures the FODetect® detection system, which utilizes a hybrid 
radar/electro-optical sensor.  Surface Detection Units (SDU’s) are installed on runway or 
taxiway edge lights.  The system operates with a 77GHz radar plus optic sensor with NIR (Near 
Infrared) Illumination (27).  Figure 11 shows a FODetect® sensor at Logan International Airport 
in Boston. 
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Figure 11: FODetect® Sensor at Logan International Airport (Photo by CEAT) 
 Stratech Systems, Ltd. manufactures the iFerret
TM
, a tower-mounted electro-optical 
sensor that uses multiple sensors on multiple towers to ensure full coverage.  It sweeps 
continuously and only uses ambient light.  It is capable of zooming and user-controlled 
movement (28).  Figure 12 shows an iFerret
TM
 tower at O’Hare International Airport. 
  
 
Figure 12: iFerret
TM
 Electro-Optical Sensor at O’Hare International Airport (Photo by CEAT) 
 
For more information on airport FOD detection systems, Shephard, Tait, and King (2000) 
explored the possibility of low-power microwave radar used to detect and classify Foreign 
Object Debris.  They studied FOD ingested by jet engines and classified the objects as damaging 
or non-damaging.  The radar had a greater than 80% success rate at correctly identifying the 
FOD (29).  Another paper by Feil, Menzel, Nguyen, Pichot, and Migliaccio (2008) introduced 
the design specifications for a proposed compact broadband (73-80GHz) mm-wave front-end 
FOD detection system.  The radar was tested at an airport in southern France, Aix Les Milles.  
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They placed several low-profile, low-cost sensors along the edge of the runway.  Very small 
objects were detected, and they reported high sensitivity and detection of multiple objects 
simultaneously (30).  
In addition, there are papers which analyze vision-based detection systems. Tsai, Kaul, 
and Mersereau (2009) investigated image segmentation, a component of automatic image 
distress detection, by assessing the strengths and limitations of existing recognition algorithms.  
They accomplished this by using a set of pavement images taken on I-75/I-85 near Atlanta.  The 
images differed in lighting, shadows, and crack positions (31).  Similarly, Sy, Avila, Begot, and 
Bardet (2008) used a road characterization apparatus, AMAC® to test various images on three 
different methods of image processing: bi-level thresholding, morphological operation, and 
projection.  The types of images used were laboratory images (static mode, ideal lighting), 
standard images (normal camera, static mode, non-controlled lighting), and AMAC®-acquired 
images (32). 
 
2.5 Case Study: Greater Peoria Regional Airport 
As of 2001, Taxiway-E at the Greater Peoria Regional Airport (GPRA) in Illinois had not 
been rehabilitated since 1971.  The pavement showed significant thermal cracking and moderate 
FOD generation, and the ride quality was poor.  Researchers at the University of Illinois at 
Urbana-Champaign, in partnership with the Illinois Division of Aeronautics, conducted a 
reflective cracking study to develop a custom rehabilitation strategy (33). 
The block cracking was so extensive that the top 50 mm of the bituminous overlay had to 
be removed.  There was a high potential for rapid reflective cracking, since the thermal crack 
spacing was wide (15-50 meters).  Figure 13 shows the existing thermal cracks on the taxiway, 
some up to 50 mm wide. 
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Figure 13: Thermal Cracking on Taxiway-E at Greater Peoria Regional Airport 
A hybrid reflective crack relief system was design for the GPRA to accommodate larger 
reinforcement width and enhance base isolation benefits.  A high-strength, self-adhesive, 
fiberglass geogrid material was used (GlasGrid 8502 fabric), which was adhered to a strain-
tolerant base isolation layer.  The adhesive used was pressure-activated, rendering the use of tack 
coat unnecessary.  A typical reflective crack control test section used a 1.5 meter wide fabric 
over 50 mm of thick base isolation interlayer. 
The base isolation layer was meant as a strip-type inlay.  Strip-type inlay systems reduce 
the required amount of specialized base isolation materials, as well as remove the surrounding 
material of existing thermal cracks.  In this study, the material in the vicinity of the cracks was 
spalled and contained debris and failed sealant material.  Figure 14 shows the proposed 
schematic of rehabilitation for Taxiway-E. 
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Figure 14: Schematic of Rehabilitation with Overlay and Reflective Crack Relief System 
 The existing surface was milled, and the remaining cracks received further inlay milling.  
A polymer-modified sand asphalt mixture was laid and compacted, and the GlasGrid 8502 fabric 
was placed.  Figure 15 shows the construction process.  To capture field measurements, Linear 
Voltage Differential Transducers (LVDTs) were placed horizontally and vertically, to measure 
joint opening/closing of existing cracks and load-related pavement deflections at cracks, 
respectively.  In addition, temperature-measuring thermocouples and crack detection foil gages 
were placed. 
Subgrade
Aggregate Base (P154)
Existing AC Pavement
(P201) Interlayer AC 
Mixture (50 mm)
Glass-f iber Grid
AC Overlay115 mm
510 mm
190 mm
Temperature Sensors 
Position Sensors 
1200 mm
1500 mm
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(a) After area milling (b) Additional 1200 mm by 50 mm milling 
  
(c) After placement of interlayer 
 
(d) With 1500 m wide fiberglass 
reinforcement 
Figure 15: Construction of Hybrid Reflective-Crack Relief System at GRPA 
 
 Laboratory tests were performed on the potential asphalt concrete mixtures to determine 
the low-temperature responses.  The Superpave Indirect Tensile Test (IDT) was used to 
determine creep compliance and tensile strength.  The Disk-shaped Compact Tension test 
(DC(T), ASTM D7313) was used for fracture characterization of the Taxiway-E overlay 
material.  In addition to laboratory testing, finite element analysis was used to simulate the 
treated and untreated sections of Taxiway-E. 
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 After construction, the taxiway was surveyed periodically to monitor cracking.  Figures 
16 and 17 show the evolution of crack development as time progressed. 
 
Figure 16: Cracking Performance of Taxiway-E at GPRA 
 
 
Figure 17: Reflective Cracking Performance of Taxiway-E at GPRA 
 
The reflective crack control system improved the current overlay performance.  Figure 18 shows 
examples of the reflective cracking of the treated pavement structure after experiencing nine 
winters.   
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Figure 18: Typical Reflection Cracking in Treated Section after Nine Winters 
 
Previous construction efforts required rehabilitation (a Hot-Mix Asphalt overlay) after seven 
years.  The severity of the new cracks after rehabilitation was not as great with the new control 
system, and the pavement experienced low FOD generation and an excellent ride quality. 
 
2.6 Case Study: National Aviation Center at Rantoul 
The National Aviation Center (NAC) in Rantoul, Illinois opened as a general aviation 
airport in 1993 after originally being part of the Chanute Air Force Base around World War II.  
The concrete runways and taxiways received little rehabilitation and were in poor condition, 
many of them sixty years old.  One runway in particular, 18-36, required constant maintenance to 
remove FOD from the surface (34).  Figure 19 shows pavement deterioration prior to 
rehabilitation. 
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Figure 19: Severe Deterioration on Taxiway-F at Rantoul NAC 
A preliminary site investigation was conducted in 1998 to assess the pavement 
conditions.  A portion of the runway was designated to investigate three different slab fracturing 
levels using a multiple-head breaker (MHB).  Figure 20 shows the proposed rehabilitation 
methods for each pavement section.   
 
 
23 
 
 
Figure 20: Planned Layout of Rehabilitation Treatments for 18-36 Runway and 
Taxiway-F at NAC Rantoul 
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Another section was designated as an investigation of rehabilitation strategies, including 
interlay stress absorbing composite (ISAC) manufactured by Contech, Inc., and saw and seal.  
ISAC has three layers which provide base isolation and reinforcement.  Figure 21 shows a 
schematic of the ISAC system.   
 
Figure 21: The Interlayer Stress Absorbing Composite (ISAC) System 
A section intended for rubblization was also included.  Three degrees of rubblization 
were investigated using a MHB: 3 inch, 9 inch, and 18 inch maximum particle size.  Figure 22 
shows the resulting rubblized slab for the finest break pattern. 
 
Figure 22: Rubblized Concrete: Fine Break Pattern (3” Maximum Size) 
Conventional (PG 58-22) and polymer-modified (PG 64-28 modified with a styrene-
butadiene-styrene block copolymer) asphalts were used in the surface course mixtures to 
compare performance and cost-effectiveness.  The polymer-modified asphalt was introduced to 
explore additional benefits, such as enhancing resistance to cracking. 
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 A Pavement Condition Index survey was conducted in June 1999, and the data was 
analyzed using an automated PCI analysis program, MicroPaver.  The pavement section intended 
for ISAC exhibited shattered slabs and joint spalling, and received a value of 17 (“very poor”).  
The section intended for saw and seal rehabilitation received a rating of 58 (“good”). 
 The Falling Weight Deflectometer (FWD) test was performed to assess the subgrade soil 
support conditions and estimate the Load Transfer Efficiency (LTE) of the slabs.  The test was 
conducted before and after the overlay was placed in construction.  In addition, the Dynamic 
Cone Penetrometer (DCP) was used to obtain subgrade soil strength parameters.  It was 
determined that the subgrade consisted of weak, cohesive soil.  Soft subgrade soils were 
excavated 12 inches and replaced with compacted asphalt concrete millings.  To monitor the 
pavement responses, thermocouples, horizontal and vertical LVDTs, and PAST 2AC strain gages 
were placed throughout the test sections.  Figures 23 through 26 show the instrumentation in the 
field. 
 
Figure 23: Installed Horizontal LVDT 
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Figure 24: Installed Vertical LVDT and Mounting Hardware 
 
Figure 25: Placement of Strain Gage in Sand-Emulsion Mix 
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Figure 26: Installation of Thermocouple Wires 
 Construction took place from September to November 1999.  Figures 27 through 30 show 
the design plans for each proposed test section, including one control section. 
 
Figure 27: Design Cross-Section for Rubblized Pavement at RNAC 
 
Figure 28: Design Cross-Section for ISAC Section at RNAC 
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Figure 29: Design Cross-Section for Saw and Seal Section at RNAC 
 
Figure 30: Design Cross-Section for Control Section at RNAC 
 When implementing the ISAC system, it was important to try to minimize wrinkling 
during the placement.  Figure 31 shows the ISAC being applied to the pavement.  The saw and 
seal process involved constructing joints in the bituminous overlay directly above existing joints 
in the Portland cement concrete.  The goal of this procedure is to keep straight, controlled joints, 
rather than trying to mitigate crack development.  Figure 32 shows the results of the saw and seal 
process. 
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Figure 31: Placing ISAC on Tack Coat 
 
Figure 32: Completed Saw and Seal Section: Winter 1999 
 Laboratory tests were performed on the two asphalt concrete mixtures.  The Superpave 
Indirect Tension test (IDT) was used to determine creep compliance and tensile strength.  Figure 
33 shows the setup for the IDT. 
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Figure 33: The Superpave IDT 
The results were used in a Superpave thermal cracking model to anticipate the amount of 
cracking. 
After the first winter, no visible reflective cracking was found anywhere in the project, 
including the control section.  No thermal cracking was observed in the rubblization sections.  
Saw cuts showed no spalling or deterioration, but the crack sealant was dry and deteriorating, 
which indicated that it needed to be replaced.  The long-term monitoring plan involves in-place 
sensor data monitoring and analysis, annual FWD testing, periodic visual distress surveys 
(particularly in winter), and annual PCI surveys. 
 
2.7 Automated Pavement Distress Collection Methods 
Automated pavement distress detection is becoming increasingly popular for identifying 
and characterizing cracks and other distresses in highway and airfield pavements.  Airports are 
installing radar based and electro-optical based sensor systems (stationary and mobile) to 
monitor the pavement condition and alert staff of potential Foreign Object Debris (FOD) on the 
airfield.  Highway maintenance utilizes vehicle-mounted sensors to capture images of distresses. 
Advances in technology for video cameras, computer video equipment, and computer 
image processing software are making the recognition and characterization of cracks and other 
distresses more precise and efficient in highway data collection.  Distress images are collected 
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continuously in real-time via a video capturing device mounted on a vehicle.  The images are 
processed using a variety of algorithms (many of which are proprietary).  Using these algorithms, 
the type of distress is identified.  Thus, repair and maintenance can be appropriately assigned. 
Automated distress data collection saves manpower and resources, and eliminates human 
bias for the data collection and interpretation.  It is a safer alternative for the staff, and it is a 
continuous procedure.  The detection efficiency is higher than human labor, and it could even 
prove to reduce road maintenance costs in the future (35).  There are many different techniques 
for automated distress recognition. 
There are five general methods of image processing: basic image processing, image 
segmentation, neural networking, morphological, and fuzzy logic.  The following section will 
discuss the characteristics of each method. 
Basic image processing captures an image and preprocesses it via methods such as 
enhancement processing and gamma correction.  The threshold and other parameters are set and 
features from the image are extracted.  This method sometimes encounters difficulties in 
distinguishing features, and can be affected by road noise interference.  It is also dependent on 
the processing speed and capabilities of the computer used. 
The image segmentation method breaks down each image into blocks of set pixel 
numbers.  After the image is enhanced, features are distinguished by gray deviation value.  A 
sub-block creates a matrix referred to as the segmentation results.  A higher standard deviation 
indicates a more severe crack.  In this method, it is important to take care to minimize noise 
interference.  Image segmenting can be applied for larger sized images, by stitching the results 
together.  Figure 34 shows the original image and the final extracted image from a study 
investigating various thresholds of segmentation (36). 
 
Figure 34: Original and Final Images using Segmentation (36) 
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The interested reader can be directed to “Critical Assessment of Pavement Distress 
Segmentation Methods by Tsai (37), a study which analyzes in-depth the various methods within 
image segmentation. 
Neural networking is a system that is capable of learning and associating.  A crack is 
recognized by extracting features and recognizing it according to an input sample.  Neural 
networking has evolved to be either feature extracted or non-feature extracted.  Non-feature 
extraction analyzes an image as a whole, which makes the system far more complex and 
introduces large networks and redundancies.  Figure 35 shows a series of images of the same 
crack from the original, preprocessed, and neural network identification process (38). 
 
Figure 35: Original, Preprocessed, and Neural Network Identification Result Images (38) 
For more information on neural networking, “Supervised Learning and Automatic 
Recognition of Asphalt Pavement Deteriorations” by Younes (39) provides a look into 
characterizing distresses and creating an algorithm to “learn” from this characterization. 
Morphological crack identification uses mathematical morphology to detect edges of 
cracks using a median filter algorithm.  The crack skeleton is defined, and then the length and 
width of the crack can be determined.  Size can be found more accurately in this method, but the 
principles are more difficult to master than other methods.  Figure 36 shows morphological 
results from a study comparing three image processing tasks (32). 
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Figure 36: Morphological Results (bottom) of Original Images (top) (32) 
For the fuzzy logic crack identification method, the fuzzy maximum entropy rule is used 
to target an area and enhance it to improve contrast between the crack and background.  This 
method can encounter problems due to the mapping of 3-dimensional features as 2-dimensional, 
including a loss of information and vague or ambiguous areas of the image.  Figure 37 shows an 
original image and an image after connectivity checking from a study investigating the fuzzy 
logic approach (40). 
 
Figure 37: Original Image and Image after Connectivity Checking using Fuzzy Logic (40) 
Two excellent resources for more information on fuzzy logic methodology are 
“Pavement Condition Assessment using Fuzzy Logic Theory and Analytic Hierarchy Process” 
by Sun (41) and “Using Fuzzy Logic and Expert System Approaches in Evaluating Flexible 
Pavement Distress: Case Study” by Kuduru (42).  The first conducted an experiment to establish 
factors important for pavement evaluation using fuzzy logic, and the latter developed 
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methodology of an expert system using fuzzy logic to improve consistency and reduce 
subjectivity of distress characterization. 
A number of agencies use this technology to provide faster, safer data acquisition.  
Applied Research Associates, Inc. (ARA) offers a digital image survey, where digital cameras 
are mounted on vehicles, with lasers mounted at the front bumper.   The cameras are aimed at the 
pavement and right-of-way.  The devices simultaneously measure longitudinal profile (roughness 
characteristics) and transverse profile (rutting and cross-slope characteristics), in addition to 
collecting digital images of the surface.  
The vehicle has a geographic positioning system (GIS) receiver and inertial navigation 
system to record location of vehicle and asset images within one meter accuracy (43).  Figure 38 
shows a picture of the testing vehicle. 
 
Figure 38: Applied Research Associates, Inc.’s Digital Image Survey Vehicle (43) 
Engineering and Research International, Inc. (ERI) offers a video distress survey.  A 
vehicle is equipped to quickly film the surface and collect both visual distress and 
Nondestructive Deflection Testing (NDT) information.  NDT data can be used to assess the 
structural capacity of the pavement.  The data is processed using the Pavement Condition Index 
survey method, ASTM D5340.  
The ERI video control center offers a quick and accurate retrieval of frame-by-frame 
database records in standardized picture format files.  Individual pictures can be subjected to the 
ERI Video Condition Assessment Process used for further distress analysis, as well as word 
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processing or report generation.  ERI assists in all phases of data collection and analysis (44).  
Figure 39 shows a vehicle used by ERI for the video distress surveys. 
 
Figure 39: Engineering and Research, International’s Video Distress Survey Vehicle (44) 
The Illinois Department of Transportation owns two Data Collection Vehicles (DCV), 
which are used to gather information on all requested highway systems and other pavements.  It 
is safer than manual surveying, and a more effective use of the department’s manpower 
resources.  
The DCV’s can conduct Condition Rating Surveys (CRS), identify rough roads and areas 
of high rutting, and monitor ride quality.  Interstates are assessed annually using these DCV’s, 
and non-interstates are assessed biennially.  The information database also inventories signs, 
bridges, and guardrails.  Each district throughout the state has a workstation containing access to 
the historical databases (45).  Figure 40 shows one of the DCV used by IDOT. 
 
Figure 40: IDOT Data Collection Vehicle (46) 
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There are several methods in use today to automatically detect pavement distresses, each 
of which has distinct advantages and challenges.  Improvements to each method will continually 
be made as technology evolves, and agencies will increasingly reap the benefits these systems 
have to offer.  Various agencies throughout Illinois alone already own and implement equipment 
capable of automatically collecting and analyzing pavement data. 
 
2.8 Early Use of Automated Distress Collection 
One factor that has encouraged the development of automatic distress collection is the 
human element of airfield pavement evaluation using the PCI survey.  Manual methods of 
pavement condition assessment are precise and cost-effective, and automated methods are safer 
and quicker (47).  The consistency of data collected manually is often criticized.  There is a 
degree of subjectivity among evaluators, due to experience and other factors including 
temperature, moisture, sunlight, and viewing angle (48).  One study statistically analyzed rater 
reliability for various pavement evaluation methods.  Groups of evaluators rated a pavement 
section, and the results were compared.  The researchers divided slabs and sections into 
categories: Complete Agreement, Partial Agreement, and Complete Disagreement to identify the 
discrepancies (48).  This paper found that crews had identical ratings around 30% of the time.  
Still, more studies are being done to eliminate the human factor and its subjectivity.  As of 2006, 
most highway agencies use some form of automation to collect, store, analyze, and distribute 
pavement condition data (49). 
Automated distress collection was first studied in the early 1990’s.  The University of 
Connecticut developed an image data analysis system in 1994 to be used in cooperation with the 
Connecticut Department of Transportation (ConnDOT) photolog system (50).  Some flaws that 
were identified in the photolog system’s images included shadows, random noise, and variable 
illumination.  The researchers looked to use image processing as an intermediate step, due to 
these causes of inaccuracy.  The ConnDOT photolog system is a 35-mm movie camera mounted 
on a van, angled down at the pavement.  It captures images through the windshield at 0.01 mile 
increments.  DOT personnel then cycle through the images and manually rate pavement in the 
37 
 
laboratory.  Figure 41 shows an image taken through the windshield of the ConnDOT van and its 
close-up view on the pavement, used in analysis. 
   
(a)        (b) 
Figure 41:  Image Captured through the Windshield of ConnDOT’s Data Collection Vehicle (a) 
and Close-Up of Image (b) (50) 
A variety of other papers were released in the early 1990’s.  For more information on the 
early stages of pavement imaging and automated distress collection, “Digital Imaging Concepts 
and Applications in Pavement Management” by Stephen G. Ritchie (1990) provides an overview 
of digital image-processing techniques and its application for pavement management systems 
(51).  In “Evaluation of Errors in Automated Pavement-Distress Data Acquisition” by McNeil 
and Humplick (1991), the paper discusses the main sources of error for automated-crack-
monitoring (ACM) and automated distress data acquisition (ADDA), two types of automated 
optical technologies (52).  “Primitive-Based Classification of Pavement Cracking Images” by 
Koutsopoulos and Downey (1993) shows algorithms developed for automated classification of 
distresses on asphalt pavement (53).  In addition, “Image-Based Expert-System Approach to 
Distress Detection on CRC Pavement” by Stephen Tsao, et. al (1994) explores a method of 
evaluating concrete distresses using a rule-based (antecedent-and-consequent) vision system 
(54).   
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2.9 Imaging Evaluation and Development 
The Florida Department of Transportation (FDOT) uses a multifunctional survey vehicle 
to collect data pertinent to cross-slope, grade, curvature, rutting, and roughness by collecting 
images of the pavement, right-of-way, and side view (55).   This vehicle runs and collects data at 
normal operating speed.  The images help identify hazards, as well as quickly evaluate the road 
performance.   Its system was evaluated in 2006 and tested under different speeds, pavement 
types, and lighting conditions to evaluate the quality and accuracy of the images.  The FDOT’s 
line-scan camera results were compared with images taken with a 3.5 megapixel camera.  Figure 
42 shows a side-by-side comparison of a line-scan camera image and the 3.5 megapixel camera 
image.   
   
(a)                                                                    (b) 
Figure 42: A Comparison of a 3.5 Megapixel Camera Image (a) with FDOT’s Line-Scan Camera 
(b) (55) 
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The researchers processed the images using signal-to-noise ratio analysis to investigate 
noise effects.  One noted concern was that the lens of the line-scan camera had an element of 
optical distortion, but implemented corrections for the optical distortion improved accuracy in 
evaluation.  It was found that the vehicle speed does not affect noise or accuracy of the images.   
A lighting system (10 high-intensity discharge 150W metal halide lamps) mounted on the 
vehicle for nighttime surveys contributed significant noise in the images, making distresses 
indistinguishable from background features.  There was found to be higher variability in asphalt 
cracks without the lighting system at dark, but in natural light the lighting system caused too 
much noise, lowering accuracy of measurement.  This was not observed to be the case for 
Portland Cement Concrete pavement.  The research found high error for hairline (< 5 mm) 
cracks, with some errors resulting in over 100%, but very low (fewer than 9.6%) error for cracks 
wider than 10 mm. 
A study sponsored by the Ministry of Transportation of Ontario, Canada investigated 
sensor- and image-based technologies using three major steps:  First, a data management plan 
was developed.  Then, a set of similar distresses was chosen to evaluate.  Thirdly, analysis of 
variance was conducted to compare agency data with the automated technology.  The sensor-
based equipment showed little differences, but digital image data had significant differences.  
Pavement data from 37 sections of the Ontario road network were chosen for analysis (49). 
In sensor-based technology, road profile data is collected in a vehicle fitted with 
accelerometers and one or more type of sensors: laser, acoustic, or infrared.  In image-based 
technology, distresses are captured using photography, videotaping, or digital image capture.  
The images are then analyzed in a workstation.  The effort is in an attempt to standardize an 
algorithm for pavement data processing so indices have less variability.  However, variables that 
pose a challenge to image capturing include image processing techniques, lighting conditions, 
moisture, and shadowing.  No research has found a simple, practical way to analyze pavement 
survey methods used in the industry. 
The Ontario study found with a 95% confidence interval that the sensor-based data was 
statistically the same, but the image-based data was different:  no company produced similar 
results to another.  Variability was attributed to the contractor processes, devices, and software.  
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The study concluded that the systems are currently unreliable due to the gaps and variability in 
image-based technology. 
There are multiple papers which go into further detail for this study, including 
“Validation and Implementation of Ontario, Canada Network-Level Distress Guidelines and 
Condition Rating” (2010) and “Development of Distress Guidelines and Condition Rating to 
Improve Network Management in Ontario, Canada” (2009), both authored by Chamorro, et al. 
(56, 57), and “Evaluation of Semiautomated and Automated Pavement Distress Collection for 
Network-Level Pavement Management” (2008) by Susan Tighe (58).  These papers provide 
excellent documentation throughout the study life. 
Another experiment studied the Automated Distress Analyzer (ADA), a real-time 
cracking software developed at the University of Arkansas (59).  The problem identified with 
automatic distress analysis was the extraction and recognition of the features by a computer.  
Commonly used methods include pattern recognition and image processing.   
The University of Arkansas has a Digital Highway Data Vehicle (DHDV), which uses a 
Laser Road Imaging System to collect image data.  The DHDV uses two line-scan cameras and 
two laser sensors directed at the pavement, and the ADA detects four different types of cracks:  
longitudinal, transverse, alligator, and block cracking.  After the distresses are analyzed, 
ReportWriter software quantifies the data into different index formats, including the AASHTO 
interim protocol, PCI, and TxDOT method. 
This study also identified shadowing as a variable complicating data analysis.  It was 
reported that sometimes the data collection vehicle itself cast a shadow on the pavement, 
impairing the analysis.  The researchers reported the DHDV can accurately identify 1-mm details 
of pavement distresses at highway speeds (>100 km/hr). 
The data collected from the DHDV was compared with a manual Cracking Indicator (CI) 
Index, developed by W.D. Paterson in 1994, which considers alligator, longitudinal, and 
transverse cracking in a given pavement area (60).  The equation used was the aggregate 
Cracking Indicator, the sum of CI’s for alligator, longitudinal, and transverse cracking.   The 
equation is as follows: 
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      [              ]   
A=Total area of pavement section 
l=length of crack 
w=width of crack 
Subscripts L, T, and A=dimensions with respect to Longitudinal, Transverse, and Alligator 
cracking 
The comparison showed that the two results matched very well. 
More papers about the Digital Highway Data Vehicle from the University of Arkansas 
include “Designs and Implementations of Automated Systems for Pavement Surface Distress 
Survey” by Kelvin Wang (2000), “Real-Time Automated Survey System of Pavement Cracking 
in Parallel Environment” by Wang and Gong (2005), and “Precision Test of Cracking Surveys 
with the Automated Distress Analyzer” by Wang, Hou, and Williams (2011) (61, 62, 63).  These 
papers follow the research in great detail. 
The National Cooperative Highway Research Program (NCHRP) released Synthesis 334, 
entitled “Automated Pavement Distress Collection Techniques” in 2004 (64).  It summarized the 
current uses of automated collection throughout the United States and Canada.  The information 
was obtained via a questionnaire sent out to agencies to gain feedback on their use of automated 
collection techniques and parameters.  Over 50 questionnaires were received from agencies 
around the United States and Canada, and only two reported to not use a form of automated 
collection for their pavement condition assessments. 
The synthesis references a personal communication letter to the Alabama Department of 
Transportation, from Roadware Group, Inc. on November 18, 2002:  “We are unable to detect 
these (1/2 mm cracks) reliably, and frankly, we do not think any system existing today can do so, 
most certainly for network-level uses and at network level prices”.  This summarizes the extent 
of automated collection technique capability, and the sentiments were echoed in other agencies 
as well.  One agency reported using a crack width of 2 mm as the limiting extent in detection 
ability.  Table 2 comes from NCHRP Synthesis 334, and shows the methods of surface distress 
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capturing used by various agencies.  The numbers refer to the quantity of agencies that use the 
method.  
Table 2: Methods of Surface Distress Capture used by Agencies (64) 
  Analog 
Agency Type Manual Photographic Video Digital 
State 17 0 13 15 
Province 6 0 2 1 
Federal 1 1 0 1 
Total 24 1 15 17 
 
Digital Imaging is becoming more popular than other analog forms for survey vehicles.  
There are two forms of digital imaging:  area scans and line scans.  Area scanning is an image 
capture of a defined pavement area.  Line scanning is a line of sensor pixels which builds a 2-D 
image through successive single-lines as the vehicle moves. 
The NCHRP Synthesis 334 also explores a select number of case studies, based on state 
responses to the questionnaire.  Maryland State Highway Administration purchased an automatic 
road analyzer (ARAN) vehicle in 1995, and it serves as an integral part of its business 
operations.  The Louisiana Department of Transportation and Development paired with 
Roadware Group, Inc. in 2000 to use vehicles and automated methods for data collection.  The 
Mississippi Department of Transportation gives regulations to a third-party vendor, who 
performs the data collection and processing. 
The major issues with automated distress data which were identified in the synthesis 
included the inability to identify certain distresses, resolution of crack, and rate of production.  It 
was concluded that standards need to be developed for pavement distress data.  Many techniques 
and formats exist, but none have been standardized. 
More studies have been conducted to investigate the differences between manual and 
automated distress surveys, and the attempts to smoothly transition to automated usage.  In 
“Methodology to Evaluate Quality of Pavement Surface Distress Data Collected by Automated 
43 
 
Techniques” by Ghim Ping Ong, et al. (2009), performance measures are used to correct 
pavement condition data, such as cumulative difference in rating and kappa statistics for 
individual distresses (65).  “Comparison of Automated Pavement Distress Data Collection 
Procedures for Local Agencies in San Francisco Bay Area, California” by Carlos M. Chang 
Albitres, et al. (2007) looks at various methods, namely manual versus automated, used to 
determine Pavement Condition Index (66).  Another paper, “New Method for Classifying and 
Quantifying Cracking of Flexible Pavements in Automated Pavement Condition Survey” by 
Pencheng Fu, et al. (2011), tries to address problems in the transition from manual to automated 
surveying by defining distresses in order to be better understood in computer programs (67). 
New algorithms and systems are still being developed to advance automated data 
collection technology.  “Development of Automated Inspection System for Highway Surface 
Distress” by Hou Xiangshen, et al.  (2007) outlines a new system of automated data capturing 
using high-resolution digital images and synchronizers to pulse artificial lighting onto the 
pavement surface (68).  “Research on Automatic Identification Method of Pavement Sag 
Deformation” by Wang Jiaqiu et al. (2009) attempts to identify pavement sag deformation by 
collecting three-dimensional data (69).  In another innovative study, “Strategies for Autonomous 
Robot to Inspect Pavement Distress” by Y.H. Tseng, et al. (2010), researchers developed an 
automated vehicle and virtual robot to survey pavement sections (70).  Continuing research 
efforts in this field gives automated pavement distress data collection a very promising future. 
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Chapter 3: Methodology and Data Collection 
This chapter presents an overview of the testing plans and procedures for data collection.  
There are three main focuses of testing for this phase of study: pavement condition investigation, 
crack simulation and observation, and image processing experimentation.  The pavement 
condition work conducted herein focuses on combining a human-administered Pavement 
Condition Index survey with iFerret image capture of the noted distresses.  The crack simulation 
portion of the study will attempt to determine the capabilities and limitations of the iFerret 
system by creating an array of “cracks” to be identified in various conditions.  The image 
processing portion takes images captured by the iFerret and manipulates them to obtain a variety 
of information, such as enhancement of a distress, measurement of a distress, and variation of a 
distress over time. 
 
3.1 Pavement Condition Index Survey with iFerret Support 
A Pavement Condition Index survey was administered on the portion of Taxiway MM at 
O’Hare International Airport that is visible by the iFerret system on March 17, 2012, following 
ASTM D5340.  The testing procedure explored critical parameters of image detection and 
processing relative to pavement distresses.  Figure 43 shows a layout of the area.  The circle with 
a center point marked “ASOS” is the Stratech Equipment, called an Automated Surface 
Observing System (ASOS) by the National Weather Service.  The concrete pavement 
encompassed by the equipment’s visual radius on Taxiway MM served as the test sections for 
the experiment. 
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Figure 43: iFerret System Overlooking Taxiway MM at O’Hare International Airport (Image 
Provided by CEAT at UIUC) 
A manual PCI survey was conducted in collaboration with the automated iFerret system, 
which ran a visual sweep over the same sections.  The camera ran a standard sweep, capturing 
images of the pavement distresses it detected.  Then the PCI survey was performed.  By 
archiving the sweep in cooperation with the PCI survey, these locations can be monitored for the 
future of this study or for other pavement management operations. 
A section of 39 slabs within the visual range of the iFerret system was selected for 
analysis.  Each slab was inspected, rather than randomly sampling from an area as directed by 
the testing standard.  The full PCI allowed for documentation of every distress to monitor over 
time instead of a selection. 
To conduct the test, the evaluator walked around the survey section and visually 
inspected each slab.  The types and severities of each distress were recorded in a ledger on the 
data sheet, and the distress was assigned to the particular slab on a chart.  Figure 44 shows a 
blank data sheet used in the survey. 
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Figure 44: Pavement Condition Index Survey Data Sheet for Taxiway MM 
The data sheet used in this experiment was tailored to encompass all slabs in question for 
Taxiway MM.  In addition, the Taxiway Hold Marker was notated to facilitate easier slab 
identification.  North was also marked on the data sheet. 
After each distress was recorded, the data sheet was used in the calculation process.  
Following ASTM D5340 [4], the PCI value was calculated: 
1. Determine m, the maximum allowable number of distresses by using the following 
equation and the Highest Deduct Value (HDV) as recorded on the data sheet: 
     
 
  
              
2. Enter m largest Deduct Values 
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3. Sum the Deduct Values (DV) and enter the total.  Count the number of DV greater than 
5.0 and enter it as “q”.  Determine corresponding Cumulative Deduct Value (CDV) from 
PCC correction curves and enter under CDV. 
4. Copy DV’s on current line to the next line, changing the smallest DV greater than five to 
five.  Repeat until “q”=1. 
5. Maximum CDV is found by selecting the largest value in the “CDV” column. 
6. Calculate PCI by subtracting the maximum CDV from 100. 
 
                    
This value corresponds to a qualitative rating system, as previously seen in Figure 6. 
 
3.2 Crack Simulation Testing 
This portion of the study attempted to define the size at which a crack becomes detectable 
by the iFerret system.  As in any photograph, the quality and ease of obtaining the image is 
dependent on a number of variables.  These parameters affect an electro-optical sensor’s ability 
to detect features.  Some of these parameters include moisture, pavement type, sun angle, 
pavement condition, height of sensor, angle of crack orientation, aspect ratio, zoom and 
resolution of camera, and cloud cover or weather conditions.   
The various factors described all comprised a combination of test parameters.  For this 
particular study, only a select number of factor and level combinations were investigated, as 
described below.  Ultimately, fractional factorial design was deemed to be impractical to create a 
full test matrix to populate the information database over the lifetime of this study, due to the 
number of factors and their corresponding levels.   
Cracks were simulated on the Taxiway MM pavement using pre-sized steel strips.  The 
strips were arranged along an arc of viewing in the visual radius of the camera.  The arcs were 
offset a distance sufficient to mark different distances from the camera.  The arcs were painted 
on the pavement using ultraviolet paint, so as to not interfere with air activity.  This will expedite 
future test setup of further data sets. 
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The testing took place at various times of day to investigate the effects of sun angle: low 
(morning/evening), high (noon), and no sun (night time).  Three offset rows of cracks enabled 
the camera to view targets at different distances.  The “cracks” were precut steel strips of various 
widths and lengths.  Any given test run contained samples of the same width and length.  They 
were spaced apart sufficiently to enable individual detection events, rather than clustered groups 
of events. 
One test run involved four different steps.  Each “crack” was oriented at 0°, 45°, 90°, and 
315° from the camera to investigate the effects of crack orientation, as seen in Figure 45. 
 
Figure 45: Selected Crack Orientations with Respect to Sensor Location 
Figures 46 and 47 show a generalized test setup of the steel strips oriented in an arc 
centered around the iFerret system with the proper angles.  The “cracks” all appear at the same 
angles from the camera’s perspective. 
 
(a)                                    (b) 
Figure 46:  Orientation of Test Strips Around Sensor, at (a) 0° Angle and (b) 90° Angle 
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(a)                                    (b) 
Figure 47:  Orientation of Test Strips Around Sensor, at (a) 45° Angle and (b) 315° Angle 
Using this method, all major contributing factors of crack detection with the iFerret are 
addressed.  This test is highly repeatable and controlled, and there is a representative sample size 
from each data collection. 
Each test run contained the variables of length and width until the data populated a 
library of a representative spectrum of sizes.  For this particular study, the smallest width 
investigated was 1/8”, which constitutes a medium severity crack producing some FOD potential 
according to ASTM D5340.  The thickest width used was 1”, which is classified as a high 
severity crack with definite FOD potential following ASTM D5340.  The steel was delivered in 
6’ strips from McMaster-Carr, which were cut down to various widths.  The lengths used were 
values divisible by the 6’ strips the steel came in:  6” for the shorter lengths, and 1.5’ for the long 
lengths.  This test method allows for easy and reliable introduction of further variables to 
populate the data library. 
Taxiway MM is comprised of a 75-foot Portland cement concrete taxiway with a 25-foot 
asphalt concrete shoulder on each side.  Figure 48 shows the sensor and the portion of Taxiway 
MM which is encompassed in the sensor’s 500 foot radius.  The arcs used for the test setup were 
constrained to this area. Figure 49 shows the proposed test setup, with 20 feet spacing between 
arc segments.   
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Figure 48: Sensor Visual Range and Taxiway MM Coverage (Image from Google Earth) 
 
Figure 49: Array of Arcs for Test Setup (Image from Google Earth) 
The first step taken to prepare the steel strip samples was the cutting of 6’ bars down to 
specified size.  The lengths used in this study were 6” and 18”.  This was to investigate the 
51 
 
effects of width-length ratio as well as the ability to detect various lengths independently.  As 
previously mentioned, the two widths used in the study were 1/8” and 1”.  Therefore, four sizes 
of steel strips were included for testing:  size A (6” x 1/8” x 1/8”), size B (6” x 1” x 1/8”), size C 
(18” x 1/8” x 1/8”), and size D (18” x 1” x 1/8”). 
After the steel strips were cut to size, they were each spray-painted with a coat of 
textured grey-black paint to give a more accurate impression of a crack.  It was important for the 
steel strips to appear non-reflective for detection purposes.  RustOleum® Multicolor Textured 
Spray #223525: Aged Iron was used on the steel strips (71).  Figure 50 shows images of the 
spray paint used. 
 
Figure 50: RustOleum® Multicolor Textured Spray 223525: Aged Iron (71) 
Figure 51 shows the various steel strip sizes after painting, and Figure 52 shows the metal 
strips against Portland cement concrete pavement for color and texture contrast. 
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Figure 51: Steel Strip Sizes; Top (L-R): A, B, Bottom (L-R): C, D 
 
Figure 52: Steel Strip Sizes used in Testing (L) and Close-Up of 6” Samples (R) 
During the testing process, each steel strip was carefully inspected to ensure a well-coated 
sample was being used in the field. 
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Two 300’ soft measuring tapes were brought into the field to facilitate easier target 
placement.  The first arc had a radius of 188’ from the iFerret center point, the second had a 208’ 
radius, and the third had a 228’ radius.  Crosshairs were painted 6.125’ apart on the pavement 
using ultraviolet paint and the two measuring tapes.  Figure 53 shows a size C steel target on 
crosshairs. 
 
Figure 53: Size C Steel Target on Faint Ultraviolet Crosshairs 
Each arc contained 25 crosshairs to provide sufficient data repetition.  After the 
crosshairs were allowed to dry, the first test run began at about 6:30PM, which was classified as 
a low sun angle.  Sunset for that day was at 6:59PM. 
The first testing was at low (evening) sun angle.  Steel targets were placed in the 
following order: Size A in Arc 1 (innermost), Size B in Arc 2, and Size C in Arc 3.  All of the 
strips were oriented at an angle zero degrees from the radial azimuth.  After the iFerret system 
ran a sweep over the pavement containing the targets, the steel strips were removed and the 
system ran a “blank” sweep.  After the blank sweep finished, the steel targets were replaced, 
oriented at 45 degrees from the radial azimuth.  The process repeated with blank scans in-
between each target sweep for 90 and 315 degrees.  After the four orientations were complete, 
the sun was considered to be too low in the sky to continue low-angle testing. 
Testing resumed at 8:45PM, almost two hours after sunset.  After completing an identical 
cycle as the low sun angle, it was discovered that the shorter and thinner steel strips were not 
visible in the nighttime images.  Therefore, night testing continued with only size D used in the 
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arcs.  Size D was faintly visible in the images, so the test rotation was as follows (all degrees 
with respect to the radial azimuth): 90, 45, 315, and 0 degrees.  15 targets of size D were placed 
in each arc. 
Testing the next morning began at 7:40AM to continue the low sun angle combinations.  
Table 3 shows the testing order for the morning schedule.  The low sun angle testing was 
completed at 8:40AM.  Blank scans were not run between target sweeps due to the fact that the 
program needed further adjustment was not detecting the steel strips. 
Table 3: Morning Testing Order 
 
Testing Angle (with respect to radial 
azimuth) 
Target Size (Letter) and Arc Location 
(Number) 
First 
Angle 
Second 
Angle 
Third 
Angle 
Fourth 
Angle 
A-2, B-3, C-1 0 45 90 315 
A-3, B-1, C-2 0 45 90 315 
D-1, D-2, D-3 0 45 90 315 
 
High sun angle testing began at 11:20AM.  Table 4 shows the testing order for the high angle 
schedule. 
Table 4: High Sun Testing Order 
 
Testing Angle (with respect to radial azimuth) 
Target Size (Letter) and Arc Location 
(Number) 
First 
Angle 
Second 
Angle 
Third 
Angle 
Fourth 
Angle 
A-1, B-2, C-3 0 45 90 315 
A-2, B-3, C-1 0 45 90 315 
A-3, B-1, C-2 0 45 90 315 
D-1, D-2, D-3 0 45 90 315 
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High sun angle testing was completed at 12:20PM.  Figure 54 shows the targets being 
placed on the ultraviolet-painted crosshairs on the taxiway. 
 
Figure 54: Orienting Test Targets: Size B at Zero Degrees 
The following chapter will explore the analysis of the data collected during these test 
runs.  It is important to determine whether the steel strips are accurate estimates of pavement 
cracks, as well as the critical sizes, orientations, and sun angles in crack identification. 
 
3.3 Image Processing Analysis and Use of Historical Data using ImageJ 
The final component of testing was an in-depth analysis of images captured by the iFerret 
system using ImageJ, a Java-based image processing software developed by the National 
Institutes of Health (72).  Images of Taxiway MM pavement, taken as early as February 2009, 
were analyzed and compared with the software.  One operation that was explored includes 
background subtraction, which accentuates features by filtering out background noise.  Another 
was photo subtraction, which allows for the monitoring of a distress over time by subtracting one 
photo from an earlier photo containing the same feature.  A third operation that was used is 
measurement, which approximates the dimensions of a distress by counting pixels and 
considering distance from object and zoom extent of camera. 
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This software gives a close representation of the proprietary image processing software 
used by Stratech Systems, Ltd.  Determining standard software capabilities using images 
captured with the iFerret will allow for a closer estimation of the system’s limitations and 
abilities when directed at pavement management. 
This portion of the investigation is primarily for the purpose of determining the 
information that can be gathered from the images captured by the iFerret system.  The desired 
use of the images is to identify distresses within the image, define and characterize the distress 
type and severity, measure the dimensions of the distresses, and observe how the distresses 
change over time by comparing images.  These operations will ensure that the iFerret is a 
comprehensive and thorough tool for airport pavement management systems by supplementing 
information necessary for Pavement Condition Index surveys and other measures of pavement 
monitoring. 
ImageJ is an open source image processing program that can be used in an online applet 
or downloaded application (72), and is reportedly the world’s fastest image processing program 
that is run on pure Java, filtering 40 million pixels per second.  It can read a variety of image 
formats, such as TIFF, GIF, JPEG, BMP, DICOM, and FITS.  Users can develop their own plug-
ins and upload them to the ImageJ website to be available to all users.  This program was 
selected for its widespread availability and support, as well as its immense capabilities. 
The data used for the ImageJ application were a library of images collected by the 
researchers at the Center of Excellence for Airport Technology at the University of Illinois at 
Urbana-Champaign, who have been working with the iFerret system since January 2009 to 
validate its ability to locate FOD on the pavement at O’Hare International Airport.  The images 
are centered around targets placed by the research team on the pavement of Taxiway MM from 
February 2009 through November 2009.  The targets consist of objects frequently found as FOD 
on airfields.  The list of targets used during this timeframe and their dimensions is found in Table 
5.  The known dimensions make the performance items a valuable asset in image analysis, and 
will assist greatly in generating prediction equations in the future. 
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Table 5: Performance Items used as FOD Targets for iFerret System 
Performance Items 
Assigned # Item Length (in.) Width (in.) Height (in.) 
1 Lug Nut 1.50 0.75 0.75 
2 Cotter Pin 3.75 0.25 0.20 
3 Roller Bearing 0.75 0.44 0.44 
4 2.5" Galvanized Screw 2.50 0.25 0.25 
5 Small Fastener 0.63 0.38 0.20 
6 Asphalt Chunk 2.50 1.25 1.00 
7 7/16 Wrench 6.50 0.50 0.13 
8 Gas Cap 2.25 2.25 1.00 
9 Expansion Joint 
Material 
3.00 1.75 1.03 
10 Infrastructure Part 2.88 1.75 1.75 
11 Water Bottle 2.50 2.50 8.00 
12 Fiberglass Door Piece 3.50 6.00 0.50 
13 Strapping Material 6.50 0.30 0.50 
14 Metal Strip 12.25 2.00 0.10 
15 Concrete Chunk 2.50 1.25 1.00 
16 Small Rubber Chunk 1.13 1.13 1.00 
 
Though the images are focused on the performance items, pavement distresses in the area 
are still in the frame of the image and can be analyzed.  The images were captured in a variety of 
lighting and weather conditions, which makes filtering and preprocessing the images an 
important investigative step. 
The first operation that was studied was background subtraction.  This process removes 
smooth, continuous backgrounds from images based on the Rolling Ball algorithm.  ImageJ 
approximates a paraboloid of rotation rather than a ball.  When an image is selected for 
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background subtraction, a dialog box appears with a series of prompts and process 
characteristics.  The dialog box is seen in Figure 55. 
 
Figure 55: Dialog Box used for Background Subtraction in ImageJ 
The “Rolling ball radius” is the paraboloid radius of curvature, whose value largely 
depends on the size of the image used (73).  The “Light background” box is for images whose 
backgrounds are bright and the featured objects are dark.  For Portland cement concrete 
pavement, the background is generally light and the distresses are darker, so this box is checked.  
The “Separate colors” box will not affect the hue and saturation of the image when checked, and 
will only alter the brightness of the image.  The “Create background” box is checked when the 
user is interested in generating an image of the background itself, rather than an image with the 
background removed.  In using the “Sliding paraboloid” feature, the approximated paraboloid is 
sliding rather than rolling, with its apex at the same curvature as the intended rolling ball.  When 
determining the background of the image, outliers are removed and then the image is smoothed 
for noise reduction.  In checking the “Disable smoothing” box, the image data is unmodified for 
determining the background (73). 
For subtracting the background of an image of Taxiway MM pavement, the Rolling Ball 
radius was varied while generating previews in order to determine the clearest representation of 
distresses as the features of interest.  Figure 56 shows an image of the taxiway taken at 8:40AM 
on June 28, 2009. 
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Figure 56: Original Image Prior to Background Subtraction 
Figure 57 shows the image with subtracted background using a Rolling Ball radius of 0.2, 
5, 10, and 50.  The performance items used in this particular FOD sweep were a piece of 
concrete and an infrastructure item. 
  
(a)                                                          (b) 
  
(c)                                                       (d) 
Figure 57: Background Subtraction with a Rolling Ball Radius of 0.2 (a), 5 (b), 10 (c), and 50 (d) 
60 
 
This is a useful tool because background subtraction can accentuate features of an image, 
namely pavement distresses for this application.  It also reduces noise and other unimportant 
areas of the image.  One point of concern for this tool could be the possibility of less severe or 
less visible distresses mistakenly labeled as background and filtered from the image. 
The second operation that was studied was image subtraction.  One image can be 
subtracted from another to see the differences between the two.  The resulting image shows the 
differences in light features and the similarities in the images appear as dark or black regions, 
thus highlighting the differences.  When two images are chosen for subtraction, a dialog box 
appears with options for the calculation.  Figure 58 shows the dialog box and its options for 
image subtraction. 
  
Figure 58: Dialog Box for Image Subtraction 
The two images and the desired operation are chosen.  In this investigation, an image 
captured on June 27, 2009 is being subtracted from an image captured on November 12, 2009.  
The “32-bit (float) result” box sets pixels divided by zero to infinity or “Not a Number” if a zero 
pixel is divided by zero.  The original images and the resulting subtraction are found in Figures 
59 and 60. 
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Figure 59:  iFerret Images Captured on June 27, 2009 (left) and November 12, 2009 (right) 
 
Figure 60: Result of Subtracting June 2009 Image from November 2009 Image 
The feature of interest in the subtracted photo is the white-colored horizontal line near the 
right-center of the image.  This is the apparent difference in height between adjacent concrete 
slabs over a 5-month period.  The image subtraction tool is highly useful for observing how 
pavement distresses change over time.  It allows a user to monitor rate of pavement deterioration 
if comparing a library of subtracted images over an extended period of time.  This data can also 
be used to generate plots of contrasting deterioration rates for a number of distresses of interest. 
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A possible error or inaccuracy that may come with this application is based on the 
conditions surrounding each image capture.  Shadowing and differing lighting conditions could 
produce false differences.  The same is true for the presence of moisture:  wet marks on the 
pavement of one image could also highlight nonexistent differences.  The two images to be 
compared would likely need to undergo filtering and other forms of preprocessing prior to being 
subtracted.  In addition, the images need to be captured from the same location with the same 
zoom level in order for subtraction to be possible.  This means that the coordinates of each 
capture need to be recorded and the camera parameters would need to be easily replicated, 
something the iFerret system is indeed capable of doing. 
The third operation that was studied was measurement.  This investigation used a manual 
pixel count to approximate feature dimensions.  An image containing a feature with known 
dimensions was selected:  An image with a fiberglass door piece captured on July 1, 2009.  
Figure 61 shows the iFerret user interface with a clear image of the performance item in the 
upper left image. 
 
Figure 61: Zoomed-in Image of Fiberglass Door Piece with Known Dimensions in User Interface 
The image in the upper center of Figure 61 was zoomed in to extents on the fiberglass 
door piece, producing a pixelated image of the item, as seen in Figure 62. 
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Figure 62: Pixelated View of Fiberglass Door Piece 
The height and length dimensions were then counted manually by tabulating the number 
of pixels comprising each dimension.  In this image, the apparent height of the door is 3 pixels, 
and the apparent length is 21 pixels.  From Table 5, the true dimensions of the fiberglass door 
piece were known to be 0.5” in height and 3.50” in length.  The pixel count was verified by 
creating a box around the boundaries of the fiberglass door piece, then zooming in to extents and 
counting the dimensions of the box.  Figures 63 and 64 show this process. 
 
Figure 63: Creating a Box (in yellow) to Constrain the Length of the Fiberglass Door Piece 
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Figure 64: Zoomed Extent of Box (in yellow) for Length Count 
Counting the number of pixels in the length of the box verified the length to be 21 pixels.  
Using the pixel dimensions and the known dimensions of the performance item, a ratio was 
computed to approximate the scale of the image: 
    
         
     ̅ 
    
        
     ̅ 
The two ratios were then averaged (in this image, the ratios were identical) and applied to a 
distress in the same image.  Figure 65 shows a yellow box around what appears to be slab 
faulting. 
 
Figure 65: Highlighted Apparent Slab Faulting 
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The area was then zoomed in to the extent, and the pixel height was counted.  Figure 66 
shows the zoomed-in area of the faulting. 
 
Figure 66: Slab Faulting Zoomed to Extent 
The height of the apparent faulting was found to be 2 pixels.  The previously found ratio 
was then applied to the counted height of the faulting: 
    ̅  
      
     
             ̅                  
An excerpt of ASTM D5340: Standard Test Method for Airport Pavement Condition 
Index Surveys is found in Table 6.  A fault depth (difference in elevation) of 1/3” is classified as 
a medium severity faulting for runways and taxiways [4]. 
Table 6: Faulting Classification in ASTM D5340 [4] 
 Difference in Elevation 
Runways/Taxiways Aprons 
Low < ¼  in. (6 mm) 1/8 < ½ in. (3 to 13 mm) 
Medium ¼ to ½ in. (6 to 13 mm) ½ to 1 in. (13 to 25 mm) 
High > ½ in. (13 mm) > 1 in. (25 mm) 
 
Results of this operation can be especially useful in complementing or supporting a 
Pavement Condition Index survey, since it can assist in characterizing distress extent and 
severity.  This tool gives a remote way of classifying distresses, which would make monitoring 
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airfield pavement distresses safer for the evaluator.  It would also reduce the amount of 
interference with airport operations, making it safer for airport users as well. 
The major issue with this feature is that within the same image, two features that are 
different distances away from the iFerret system will have different scales, thus creating 
topographic displacement.  In this displacement, the true sizes of the distresses or other features 
will be slightly distorted in the image.  This could produce inaccuracies in characterizing distress 
extent and severity, and in turn, assigning PCI values for a pavement section.  The distance 
between the distress and the camera, as well as the camera operating parameters, would have to 
be known in order to establish correction equations. 
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Chapter 4: Results and Discussion 
 
4.1 Taxiway MM Pavement Condition Index Study 
 This section covers the analyses pertinent to the Pavement Condition Index survey data 
collected.  The results of the survey are presented, and the images captured by the iFerret system 
are compared to images captured by a standard digital camera.  Severe pavement distresses 
recorded in the survey are identified in the iFerret images. 
 
4.1.1 Pavement Condition Index Survey Results 
The distresses of the Pavement Condition Index survey were recorded on a data sheet, 
found in Appendix A.  The most prevalent distress was low-severity joint spalling, which was 
present in each inspected slab. 
As described in the Chapter 3, the procedure for calculating the PCI value followed the 
steps outlined in ASTM D5340 [4].  Using the data recorded from the field survey, the 
calculation is shown below: 
1. Determine m, the maximum allowable number of distresses 
     
 
  
              
    (
 
  
)               
2. Enter m largest Deduct Values 
 Seven largest Deduct Values, and multiplying the eighth-largest by the remaining 
0.35. 
33 29 18 15 14 10 7 2.1 
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3. Sum the Deduct Values and enter the total.  Count the number of Deduct Values greater 
than 5.0 and enter it as “q”.  Determine corresponding Cumulative Deduct Value (CDV) 
from PCC correction curves and enter under CDV. 
       
 TOTAL q CDV 
33 29 18 15 14 10 7 2.1 128.1 7 76 
 
4. Copy Deduct Values on current line to the next line, changing the smallest DV greater 
than five to five.  Repeat until “q”=1 (see Table 7). 
 
Table 7: Iterative Process for Calculating Pavement Condition Index 
 
Total q CDV 
33 29 18 15 14 10 7 2.1 128.1 7 76 
33 29 18 15 14 10 5 2.1 126.1 6 78 
33 29 18 15 14 5 5 2.1 121.1 5 78 
33 29 18 15 5 5 5 2.1 112.1 4 74 
33 29 18 5 5 5 5 2.1 102.1 3 77 
33 29 5 5 5 5 5 2.1 89.1 2 76 
33 5 5 5 5 5 5 2.1 65.1 1 65 
 
5. Maximum CDV is found by selecting the largest value in the “CDV” column: 78 
 
6. Calculate PCI by subtracting the maximum CDV from 100. 
 
                    
              
Rating: SERIOUS 
The pavement received a “Serious” rating and a PCI value of 22 out of a possible 100.  A 
serious rating indicates that the pavement requires maintenance and is likely unsuitable for air 
traffic.  Since Taxiway MM sees little use other than cargo operations, it has probably not been 
69 
 
classified as a high priority for maintenance scheduling.  In addition, aircraft traverse the taxiway 
at very low speeds, making this rating less critical than a similar rating on a runway.  Though 
these distresses could cause tire damage, engines are unlikely to ingest the pavement FOD due to 
the nature of the operations seen on this taxiway. 
The center slabs had the worst distresses, many of which were already producing FOD.  
This center-slab phenomenon could be attributed to tension in the dowels, which contributed to a 
great deal of stress when under loading.  The center slabs were the regions of heaviest loading.  
The taxiway is likely older than its intended design life, so the load transfer efficiency is 
probably decreased.  This, when combined with repeated loading and subsequent fatigue 
cracking, could lead to longitudinal and transverse cracking, as well as shattered slabs.  These 
FOD-generating distresses were the greatest causes of deduction in the survey.  Figures 67 and 
68 show examples of distresses on Taxiway MM which significantly reduced the PCI rating. 
 
Figure 67: Center-Slab Distresses on Taxiway MM 
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Figure 68: Additional Distresses on Taxiway MM 
Serious distresses included several cracks of FOD-producing severity, poorly performing 
patches which also generated FOD, and one occurrence of a shattered slab. 
In Chapter 3, it was speculated that there may be some slab faulting due to the apparent 
difference in elevation of slabs.  When examined in the field, this difference actually turned out 
to be a horizontal gap rather than a vertical gap.  Due to the oblique nature of the camera view, it 
can be difficult to distinguish vertical distance from horizontal distance in cases of limited depth, 
such as this particular instance.  In addition, the image may have a degree of shadow as a result 
of the low sun angle. 
 
4.1.2 Pavement Condition Index Image Comparison 
The slabs containing the most severe distresses recorded on the PCI survey were 
identified on a collection of images captured by the iFerret system.  All severe distresses were 
located in the slabs in the middle of the taxiway width.  It is important to attempt to characterize 
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the distresses based solely on the iFerret images, to further investigate its capability to asses 
pavement condition.  The collection of images were stitched together using control points to 
create a mosiac of the full pavement area of interest.  Some slabs are shown in more than one 
image. 
The distresses recorded on Center Slab 13, outlined in red in Figure 69, were: medium 
severity large patch, a medium severity crack, medium severity joint seal damage, medium 
severity joint spalling, and low severity joint spalling.  From the iFerret image mosaic seen in 
Figure 69, the patch is discernible as a light greyish-blue section, as well as faint portions of the 
medium severity crack.  These two distresses are the most severe out of the list.  Since the length 
of the medium severity crack is not visible, it suggests that the direction of the crack (parallel to 
the centerline) affects the detection ability.  This will be explored in more detail.  
 
Figure 69: Center Slab 13 iFerret Image Mosaic 
A vertical image of the slab can be seen in Figure 70.  The vertical images all face East, 
while the iFerret captures images facing North, sweeping from East to West.  This vertical image 
shows the true nature of the crack and patch.  Compared to the iFerret image mosaic, the level of 
detail for the crack does not yet accurately reflect the actual severity and length. 
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Figure 70: Center Slab 13 Vertical Image 
Figure 71 shows the outline of Center Slab 12.  The distresses recorded in the PCI survey 
were a medium severity small patch, high severity crack, medium severity crack, low severity 
crack, and low severity joint spalling.  Faint lines can be seen in a few locations, but the length 
and extent of each crack is unable to be determined. 
 
Figure 71: Center Slab 12 iFerret Image Mosaic 
Figure 72 shows the vertical image for Center Slab 12.  Here, the PCI recorded distresses 
are much more apparent.  Again, the more severe cracks are aligned with the taxiway centerline 
and are towards the back half of the taxiway width, which suggests that perhaps distance from 
the camera is also a factor in feature detection. 
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Figure 72: Vertical Image for Center Slab 12 
Figure 73 shows the outline of Center Slab 11.  The recorded PCI distresses were: high 
severity large patch, medium severity large patch, medium severity small patch, high severity 
crack, medium severity joint spalling, and low severity joint spalling.  Two patches are identified 
in this image, as well as one longitudinal crack (parallel to centerline) and one transverse crack, 
stemming from a patch. 
 
Figure 73: Center Slab 11 iFerret Image Mosaic 
A section of Center Slab 11 is shown in a vertical image in Figure 74.  The distresses 
identified in the iFerret image indeed exist in the vertical image, but some cracks, such as the 
longitudinal crack on the far side of the centerline, are lost in the iFerret image.  Again, this 
suggests a distance effect. 
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Figure 74: Vertical Image of Center Slab 11 
Center Slab 10 is shown in the iFerret image mosaic in Figure 75.  The PCI distresses for 
this slab were: high severity large patch, medium severity small patch, high severity crack, 
medium severity joint spalling, and low severity joint spalling.  The large patch is seen as a 
greyish-yellow strip, and the small patch is seen adjacent to the large patch as a light greyish-
blue area.  A transverse crack is clearly visible from the image, and it appears that more cracks 
propagate from the patches, though it is unclear from the level of detail.  Figure 76 shows the 
vertical image for Center Slab 10.  Now, the distresses are clearly seen.  With prior viewing of 
the vertical image or the pavement distresses, the iFerret image for this slab could closely match 
the true distresses.  Slab 10 is located approximately north of the iFerret system.  This close 
proximity could influence the image quality. 
 
Figure 75: Center Slab 10 iFerret Image Mosaic 
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Figure 76: Vertical Image for Center Slab 10 
The PCI distresses for Center Slab 9 were a medium severity crack and low severity joint 
spalling.  However, when looking at the iFerret image mosaic in Figure 77, no distresses are 
discernible.  Figure 78 shows the vertical image.  It can be seen that the crack propagates through 
the centerline, which may make detection more difficult.  In addition, it should be noted that this 
is a medium severity crack.  This suggests that detection ability is affected by crack severity.  
This too will be discussed later. 
 
Figure 77: Center Slab 9 iFerret Image Mosaic 
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Figure 78: Center Slab 9 Vertical Image 
 The iFerret image mosaic for Center Slab 8 is found in Figure 79.  The distresses reported 
for this slab were a medium severity large patch, medium severity crack, and low severity joint 
spalling.  The patch can be seen as a greyish-blue area on the slab, but the crack is not plainly 
seen.  Referring to Figure 80, the vertical image of the slab, the crack can be seen as propagating 
from the patch very close to the centerline. 
 
Figure 79: Center Slab 8 iFerret Image Mosaic 
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Figure 80: Vertical Image for Center Slab 8 
 The PCI distresses in Center Slab 7 were a medium severity crack and low severity joint 
spalling.  The crack is only faintly seen in the iFerret mosaic seen in Figure 81, but the vertical 
image in Figure 82 shows the true location and severity of the crack.  Again, the centerline 
masks some of the crack length. 
 
Figure 81: Center Slab 7 iFerret Image Mosaic 
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Figure 82: Vertical Image of Center Slab 7 
 The distresses in Center Slab 6 were a high severity crack, medium severity crack, and 
low severity joint spalling.  Figure 83 shows the iFerret image mosaic for the slab, and it appears 
that a portion of the high severity crack is visible, as well as a faint feature that could be the 
medium severity crack.  To confirm this, the vertical image can be seen in Figure 84.  The dark 
sport on the iFerret mosaic is an especially severe length of the high-severity crack, and the 
medium severity crack does propagate transversely. 
 
Figure 83: iFerret Image Mosaic for Center Slab 6 
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Figure 84: Vertical Image for Center Slab 6 
The distresses recorded for Center Slab 5 were a medium severity shattered slab and low 
severity joint spalling.  In Figure 85, the longitudinal crack is seen, as well as parts of a 
transverse crack.  Still, this image does not suggest that a shattered slab condition exists.  Figure 
86 shows the vertical image, which shows that the majority of the transverse crack is actually a 
low-severity crack.  This could explain why the iFerret image does not show it well, and it 
supports the theory that crack severity influences detection ability. 
 
Figure 85: iFerret Image Mosaic for Center Slab 5 
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Figure 86: Vertical Image for Center Slab 5 
Figure 87 shows the iFerret image mosaic for Center Slab 4.  The distresses on this slab 
were a high severity crack, low severity small patch, and low severity joint spalling.  No 
distresses are apparent in the iFerret images, but the vertical image shown in Figure 88 confirms 
the presence of a longitudinal crack.  As the slabs lay further from the iFerret, the distresses do 
not show up as plainly.  This highly suggests that distance from camera is a strong variable in 
detection capability. 
 
 
Figure 87: iFerret Image Mosaic for Center Slab 4 
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Figure 88: Vertical Image for Center Slab 4 
The distresses in Center Slab 3 were: medium severity small patch, high severity crack, 
medium severity crack, and low severity joint spalling.  From the image mosaic seen in Figure 
89, a crack is distinctly visible.  Due to the color and size of this feature, it is assumed to be a 
high severity crack, though it is unable to be determined from this image alone.  The patch is also 
not clearly seen.  Figure 90, the vertical image, shows the true location of the patch as well as the 
transverse medium severity crack.  The crack seen in the iFerret image is indeed the high-
severity crack. 
 
Figure 89: Center Slab 3 iFerret Image Mosaic 
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Figure 90: Vertical Image for Center Slab 3 
Figure 91 shows the iFerret image mosaic for Center Slab 2.  The slab area is smaller on 
the images as distance from camera increases.  The reported distresses were a low severity crack 
and low severity joint spalling.  The image in Figure 91 shows faint portions of the crack.  
Looking at the vertical image in Figure 92 confirms its presence, though the low severity 
combined with the location of the slab makes this crack especially difficult to detect. 
 
Figure 91: iFerret Image Mosaic for Center Slab 2 
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Figure 92: Vertical Image for Center Slab 2 
 The reported distresses in Center Slab 1 were a medium severity crack and low severity 
joint spalling.  Again, the image mosaic seen in Figure 93 does not show any clear distresses.  
When referring to the vertical image seen in Figure 94, the medium severity cracks are oriented 
both longitudinally and transversely.  The longitudinal crack lies on the centerline for a good 
portion of its length, which could make detection more difficult.   
 
Figure 93: iFerret Image Mosaic for Center Slab 1 
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Figure 94: Vertical Image of Center Slab 1 
Though the shading on parts of the iFerret images hints at the presence of a feature, it is 
not defined well enough to make conclusions about the distress type and severity.  This analysis 
raised the suggestion that a variety of factors influence the iFerret image quality, including 
distance from camera, orientation of distress, and distress severity.  These factors will be 
explored in the next section. 
 
4.2 Cracking Simulation Study Results 
Thousands of images were captured during the testing phase of the crack simulation 
study.  The first important aspect that required investigation was the use of steel strips to mimic 
pavement cracks, and whether this was a reasonable estimation. 
 
4.2.1 Crack Approximation 
Selecting from the library of steel strip images collected, the two widths of steel strips 
were compared with actual pavement cracks present at the time of the visit.  Two distresses in 
particular were chosen for analysis:  a transverse crack and a longitudinal crack.  Figure 95 
shows the longitudinal crack and the transverse crack stemming from a patch in need of repair. 
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Figure 95: A Longitudinal Crack (L) and a Transverse Crack (R) on Taxiway MM 
The transverse crack is meandering and non-ideal for the comparison.  The images in 
Figure 95 were captured at high and low sun angle (11:00AM and 8:00AM, respectively, with a 
sunrise of 6:58AM). 
The procedure for analysis included two components:  pixel comparison and color 
comparison.  Images containing steel strips oriented at the same angles as the two cracks were 
selected, and ImageJ software was used to determine pixel size and color in RGB format. 
The first sample was an image captured at high sun angle containing steel strips of size C, 
which is 1/8” wide and 18” long (bottom of the left image in Figure 95).  Figure 96 shows a 
pixelated section of the crack and steel strip. 
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Figure 96: Pixelated Section of Crack (Top) and Pixelated Section of Steel Strip (Bottom) 
Both the steel strip and the crack ranged from 1 to 2 pixels in width.  Length was not a 
factor in this particular investigation, as strip width is easier to control in manufacturing.  From 
the discovered pixel sizes, the steel strip was determined to be a close approximation of this 
crack. 
The percent error for color between the strip and the true crack was then calculated.  This 
was done by first recording three RGB (Red, Green Blue) coordinates for endpoints and 
midpoints of the strip and crack and averaging the points.  In the RGB system, (0,0,0) is black 
and (255, 255, 255) is white, in which the coordinates read Red, Green, and Blue, respectively.  
Table 8 shows the crack RGB values and Table 9 shows the steel strip RGB values. 
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Table 8: Longitudinal Crack RGB Values 
  
Longitudinal Crack (RGB) 
Red Green Blue 
Endpoint 89 95 95 
Endpoint 98 102 105 
Midpoint 93 97 96 
Average 93.33 98 98.67 
 
Table 9: 1/8” Width Steel Strip RGB Values 
 
Steel Strip C, 90 degrees 
Red Green Blue 
Endpoint 94 98 99 
Endpoint 99 107 110 
Midpoint 99 100 105 
Average 97.33 101.67 104.67 
 
Using these values, percent error was calculated.  The first percent error was between the 
steel strip and the crack (reference), to determine if they closely matched in color.  A percent 
error of fewer than 15% was considered similar for this study. 
              
|                       |
|           |
      
Red:               
|          |
|     |
            
Green:               
|            |
|     |
            
Blue:               
|            |
|     |
            
88 
 
These percentages all indicate similarity between the crack and the steel strip.  Further 
percent errors were calculated to ensure the crack and strip appeared different from their 
respective backgrounds.  To do this, the background colors were also averaged and recorded.  
Table 10 shows the background RGB values. 
Table 10: Background RGB Values for Sample 1 
 
Background RGB Values 
(Sample 1) 
Red Green Blue 
Coordinate 1 127 131 132 
Coordinate 2 124 128 129 
Coordinate 3 123 129 129 
Average 124.67 129.30 130 
 
The percent errors follow for the steel strip, with the background as the reference. 
              
|                            |
|                |
      
The calculated errors were: Red=21.93%, Green=21.39%, and Blue=19.49%.  All of the errors 
are above 15%, which shows significant difference between the strip color and the background 
color.  The percent errors follow for the crack, with the background as the reference. 
              
|                            |
|           |
      
Comparing the crack color against the background, percent errors were: Red=25.14%, 
Green=24.23%, and Blue=24.10%.  Again, all of the errors are about 15%, which shows 
significant difference between the crack color and the background color.  This is to be expected, 
as cracks are clearly visible on the image.  For further support, a plot profile was generated with 
ImageJ.  A line is drawn on the image, and its grey colors are plotted.  Figure 97 shows the line 
created, and Figure 98 shows the profile graph. 
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Figure 97: Line Dictating Profile Plot (Line Originates from Upper Point) 
 
Figure 98: Profile Plot of Size C and Longitudinal Crack 
The first sharp dip in the line indicates the location of the crack, and the second sharp dip is the 
steel strip.  Graphically, the two appear very similar in contrast to the background. 
The procedure was repeated for an image containing size B strips (1” wide and 6” in 
length) and the longitudinal crack.  Figure 99 shows the original image, taken at 7:40AM with a 
6:58AM sunrise. 
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Figure 99: Longitudinal Crack and Size B Strips, Oriented at 90 Degrees (Bottom of Image) 
Figure 100 shows the pixelated images of the crack and steel strip.  They both had widths of 
approximately 2 pixels, which suggested the steel strip was a good representation of the more 
severe lengths of the crack. 
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Figure 100: Section of Longitudinal Crack (Top) and Steel Strip Size B (Bottom) 
As before, RGB values were recorded and averaged for steel strip, crack, and background.  
Tables 11-13 show the values. 
Table 11: Longitudinal Crack RGB Values 
  
Longitudinal Crack (RGB) 
Red Green Blue 
Endpoint 97 98 103 
Endpoint 89 95 95 
Midpoint 64 68 71 
Average 83.33 87 89.67 
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Table 12: 1” Width Steel Strip RGB Values 
 
Steel Strip B, 90 degrees 
Red Green Blue 
Endpoint 90 90 98 
Endpoint 86 90 93 
Midpoint 77 82 88 
Average 84.33 87.33 93 
 
Table 13: Background RGB Values for Sample 2 
 
Background RGB Values 
(Sample 2) 
Red Green Blue 
Coordinate 1 123 126 131 
Coordinate 2 121 125 126 
Coordinate 3 124 128 129 
Average 122.67 126.33 128.67 
 
The percent errors were again calculated.  The errors between steel strip and crack RGB 
values were: Red=1.20%, Green=0.38%, and Blue=3.71%.  The color difference between the 
crack and steel strip is very low in this sample, making the strip a good approximation of a crack. 
The percent errors comparing the steel strip and background were: Red=31.25%, 
Green=30.87%, and Blue=27.72%.  All the percentages between the strip and the background 
were greater than 15%, confirming the visual support that the strip appears differently than the 
background in the image. 
The error values for crack color versus background color were: Red=32.07%, 
Green=31.13%, and Blue=30.31%.  Again, the error values confirm that the crack appears 
differently than the background in the image.  The profile plot line is shown in Figure 101, and 
the plot is shown in Figure 102. 
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Figure 101: Profile Line (Originates from Top Point) 
 
Figure 102: Profile Plot for Longitudinal Crack and Size B Strip 
The first sharp dip in the plot is the longitudinal crack, and the second sharp dip is the 1” wide 
steel strip, size B.  Graphically, the two appear to have very similar coloring. 
For the longitudinal crack, it was determined that steel strips oriented along the length of 
the crack were quite similar in appearance to the crack itself.  However, it is important to 
investigate the two widths for a transverse crack, which appears in a different orientation to the 
iFerret system than the longitudinal crack.  The crack seen in Figure 95 was compared to the two 
widths, 1/8” and 1”.  Sizes C and D were used, respectively, for these comparisons.  Figure 103 
shows the original image of the transverse crack with a row of Size C (1/8” wide) strips oriented 
at 0 degrees approximately the same distance away from the camera as the crack.  In addition, 
the three rows of testing strips can be plainly seen in this image, captured at low sun angle. 
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Figure 103: Size C Steel Strips Oriented Along Transverse Crack 
Figure 104 shows the pixelated crack and strip. 
 
 
Figure 104: Crack (Top) and Steel Strip (Bottom) 
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The tortuous path of the transverse crack made the analysis more difficult, but no other 
transverse cracks appeared in plain view of the iFerret system.  The crack width ranged from 2 to 
5 pixels across the diagonal, and the diagonal width of the metal strip ranged from 1 to 3 pixels.  
This is a fair approximation for the crack, though it is reasonable to hypothesize that a wider strip 
would be a closer match for a crack of this severity.  The RGB values for the transverse crack, 
steel strip, and background are found in Tables 14-16. 
Table 14: Transverse Crack RGB Values 
  
Transverse Crack (RGB) 
Red Green Blue 
Endpoint 85 93 96 
Endpoint 73 82 81 
Midpoint 67 73 73 
Average 75 82.67 83.33 
 
Table 15: 1/8” Width Steel Strip RGB Values 
 
Steel Strip C, 0 degrees 
Red Green Blue 
Endpoint 84 87 92 
Endpoint 86 87 89 
Midpoint 62 66 67 
Average 77.33 80 82.67 
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Table 16: Background RGB Values for Sample 3 
 
Background RGB Values 
(Sample 3) 
Red Green Blue 
Coordinate 1 114 118 121 
Coordinate 2 111 116 120 
Coordinate 3 111 115 118 
Average 112 116.33 119.67 
 
The percent errors were calculated.  Strip color versus crack color errors were: 
Red=3.11%, Green=3.23%, and Blue=0.79%.  The results show that the colors of the steel strip 
and crack are similar.  Comparing strip colors with the background, the percent error values are: 
Red=30.96%, Green=31.23%, and Blue=30.92%.  The strips are a distinctly different color than 
the background pavement.  Comparing crack colors with the background, the percent error 
values are: Red=33.04%, Green=28.94%, and Blue=30.37%.  Likewise, the crack is a distinctly 
different color than the background. 
Figure 105 shows the line created for the profile plot.  The line originates near the steel 
strip, at the upper left point. 
 
Figure 105: Profile Plot Line for Size C Strip and Transverse Crack 
The nature of this graph is made more apparent when observing the path of the line in the image.  
Figure 106 shows the profile plot. 
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Figure 106: Profile Plot for Transverse Crack and Size C Strip 
The first sharp dip in the profile plot is the steel strip.  The slightly more shallow dip is 
the transverse crack.  A smaller upward spike is seen prior to the crack dip in the graph, which is 
a graphical portrayal of the whiter areas of the crack showing reflected light.  Were this crack 
less tortuous, a more accurate relationship could be established.  Nevertheless, the strip and crack 
both appear prominently when depicted in graphical form, and support the claim that the steel 
strip could be used to approximate the crack. 
Finally, the 1” width was compared with the transverse crack.  Figure 107 shows a 
number of Size D strips arranged in the testing arcs at a 0 degree angle from the radial azimuth, 
approximately aligned with the transverse crack.  The image was captured at low sun angle. 
 
Figure 107: Size D (1” wide) Strips and Transverse Crack 
98 
 
The strip in the center-left of the photo was selected for analysis because of its similar distance 
from the camera and orientation.  Figure 108 shows the pixelated crack and strip. 
 
 
Figure 108: Pixelated Transverse Crack (Top) and Size D Steel Strip (Bottom) 
The steel strip pixels ranged from 2 to 4 pixels in width diagonally, and the crack 
appeared as 2 to 4 pixels wide as well, which suggests a close representation.  Tables 17-19 show 
the RGB values for the transverse crack, size D strip, and background, respectively. 
Table 17: Transverse Crack RGB Values 
  
Transverse Crack (RGB) 
Red Green Blue 
Endpoint 81 85 88 
Endpoint 77 77 77 
Midpoint 50 48 59 
Average 69.33 70 74.67 
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Table 18: 1” Width Steel Strip RGB Values 
 
Steel Strip D, 0 degrees 
Red Green Blue 
Endpoint 87 91 92 
Endpoint 79 84 87 
Midpoint 51 59 61 
Average 72.33 78 80 
 
Table 19: Background RGB Values for Size D Image 
 
Background RGB Values 
(Size D Image) 
Red Green Blue 
Coordinate 1 119 123 126 
Coordinate 2 120 124 127 
Coordinate 3 118 122 125 
Average 119 123 126 
 
The percent errors were calculated.  Steel Strip color compared to crack color produced 
percent error values of: Red=4.33%, Green=11.43%, and Blue=7.14%.  Although these errors 
are higher than previously seen, they still fall below the 15% threshold and are accepted as 
similar in color. 
The percent error values comparing the steel strip against its background color were: 
Red=39.22%, Green=36.59%, and Blue=36.51%.  The high percent errors show that the strip is 
distinguishable against the pavement. 
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Comparing the crack color against the background color, the percent error values were: 
Red=41.74%, Green=43.09%, and Blue=40.74%.  Similarly, the values indicate that the crack is 
distinguishable against the pavement. 
Figure 109 shows the line defining the profile plot path.  The line originates at the point 
on the right side of the image, passing through the transverse crack first. 
 
Figure 109: Profile Plot Line for 1” Strip and Transverse Crack 
Figure 110 shows the profile plot for the size D strip and transverse crack.  Again, the 
upward spike after the first dip shows the reflected light against the wide crack.  The dip in the 
curve denoting the steel strip closely resembles the transverse crack against the pavement 
background. 
 
Figure 110: Profile Plot for Size D Strip and Transverse Crack 
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For the four analyses described, the percent errors for RGB color and pixel sizes matched 
very well between the steel strips and actual cracks.  It can be concluded from these results that 
the steel strips can indeed be used in the field to approximate cracks in the pavement. 
 
 4.2.2  Critical Parameters 
 The second thrust of the cracking simulation analysis is directed at identifying the critical 
parameters for each variable considered in the study.  Once it was determined that the steel strips 
were indeed accurate approximations of cracks in the field, the critical facet of each variable 
could be determined.  The variables were: distance from camera, sun angle, steel strip 
orientation, width of steel strip, and aspect ratio of steel strip (length:width:thickness).  Similar to 
the procedure in the first portion of the analysis, the critical factors were determined by 
comparing pixel area and color against the image background. 
To determine the critical distance from the camera, the image shown in Figure 111 was 
selected.  All three arcs contain Size D (1” wide x 18” long) steel strips oriented at 90 degrees 
from the radial azimuth, captured at high sun angle. 
 
Figure 111: Size D Strips 
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A strip was selected from each arc and pixelated in the same manner as the previous 
analysis.  Figure 112 shows the three strips zoomed to their extents.  Note how the color intensity 
lessens as the distance from the camera increases. 
 
 
 
Figure 112: Size D at 188 ft. (Top), 208 ft. (Center), and 228 ft. (Bottom) from Camera 
The pixel area was tabulated for each metal strip.  The strip in Arc 1(188 ft. from camera) 
covered an area of 150 pixels, the strip in Arc 2 (208 ft. from camera) covered 122 pixels, and 
the strip in Arc 3 (228 ft. from camera) had an area of 74 pixels.  This area decrease seen with 
the increase in distance can contribute to a difficulty in identifying features in an image. 
Next, the percent error between the steel strip and background RGB color was tabulated 
for each distance from the camera.  Tables 20-23 contain the RGB color data. 
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Table 20: 1” Width Steel Strip RGB Values, Arc 1 (Radius 188 ft) 
 
Steel Strip D, 90 degrees 
Red Green Blue 
Endpoint 65 69 72 
Endpoint 66 75 74 
Midpoint 56 61 65 
Average 62.33 68.33 70.33 
 
Table 21: 1” Width Steel Strip RGB Values, Arc 2 (Radius 208 ft) 
 
Steel Strip D, 90 degrees 
Red Green Blue 
Endpoint 97 101 104 
Endpoint 88 89 93 
Midpoint 71 76 79 
Average 85.33 88.67 92 
 
Table 22: 1” Width Steel Strip RGB Values, Arc 3 (Radius 228 ft) 
 
Steel Strip D, 90 degrees 
Red Green Blue 
Endpoint 102 107 110 
Endpoint 94 99 102 
Midpoint 87 93 91 
Average 94.33 99.67 101 
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Table 23: Background RGB Values for Size D Image 
 
Background RGB Values 
(Size D Image) 
Red Green Blue 
Coordinate 1 122 126 129 
Coordinate 2 121 125 126 
Coordinate 3 122 126 129 
Average 121.67 125.67 128 
 
The percent error was calculated for each arc.  For Arc 1 (188 ft. from camera), the error 
values were: Red=48.77%, Green=45.63%, and Blue=45.05%.  Arc 2 (208 ft. from camera) 
values were: Red=29.87%, Green=29.44%, and Blue=28.13%.  Arc 3 (228 ft. from camera) 
values were: Red=22.47%, Green=20.69%, and Blue=21.09%. 
For this analysis, however, a lower percent error shows that the color of the steel strip 
more closely resembles the background.  For best identification of the feature, the percent error 
will be higher.  When comparing distances from the camera, the farthest distance (228 ft.) had 
the lowest percent error. This indicates that the arc is harder to detect than the middle (208 ft.) 
arc.  The highest percent error was in the colors of the innermost (188 ft.) arc.  Combined with 
the reported pixel areas, this strongly suggests that the farther away from the camera a pavement 
crack is, the harder it will be to detect by the iFerret system.  
To compare sun angle, similar images were selected as the distance comparison.  Three 
images, captured at night, low sun angle, and high sun angle, were selected.  The only variable in 
the image is the angle of the sun; each image is zoomed on a size D strip in the third arc, rotated 
90 degrees.  Figure 113 shows the steel strip at various times of day. 
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Figure 113: Portion of Steel Strip at Night (Top), Low Sun Angle (Middle), and High Sun Angle 
(Bottom) 
Comparing the three images in Figure 113, it is clear that the strip appears as little more 
than a shadow during night time capture.  This likely is an effect of the powerful low-lux 
cameras used which illuminate the pavement for night scans. 
The strip in the night image covered 29 pixels, the low-sun angle image contained 62 
pixels, and the strip in the high sun angle image covered 121 pixels.  This suggests difficulty in 
identifying the steel strip at night.  Tables 24-29 show the strip and background RGB values for 
the various sun angles. 
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Tables 24 and 25: 1” Width Steel Strip and Background RGB Values, Night Time 
  
Steel Strip D,  
90 degrees 
   
Background RGB Values  
(Size D Image) 
Red Green Blue 
 
Red Green Blue 
Endpoint 76 82 71 
 
Coordinate 1 90 96 82 
Endpoint 75 78 71 
 
Coordinate 2 90 94 80 
Midpoint 79 82 71 
 
Coordinate 3 88 96 81 
Average 76.67 80.67 71.33 
 
Average 89.33 95.33 81 
 
Tables 26 and 27: 1” Width Steel Strip and Background RGB Values, Low Sun Angle 
  
Steel Strip D,  
90 degrees 
   
Background RGB Values  
(Size D Image) 
Red Green Blue 
 
Red Green Blue 
Endpoint 98 102 102 
 
Coordinate 1 120 125 128 
Endpoint 83 89 87 
 
Coordinate 2 119 125 123 
Midpoint 77 83 83 
 
Coordinate 3 119 124 127 
Average 86 91.33 91 
 
Average 119.33 124.67 126 
 
 
Tables 28 and 29: 1” Width Steel Strip and Background RGB Values, High Sun Angle 
  
Steel Strip D,  
90 degrees 
   
Background RGB Values  
(Size D Image) 
Red Green Blue 
 
Red Green Blue 
Endpoint 97 102 150 
 
Coordinate 1 122 128 126 
Endpoint 94 99 102 
 
Coordinate 2 120 128 131 
Midpoint 80 84 85 
 
Coordinate 3 123 128 131 
Average 90.33 95 97.33 
 
Average 121.67 128 129.33 
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The percent errors were calculated for each sun angle.  Night time percent error values 
were: Red=14.17%, Green=15.38%, and Blue=11.94%.  Low sun angle percent error values 
were: Red=27.93%, Green=26.74%, and Blue=27.78%.  High sun angle values were: 
Red=25.76%, Green=25.78%, and Blue=24.74%. 
Again, a lower percent error indicates that the steel strip is closer in color to the 
background, and thus potentially harder to detect by the camera.  The percent errors calculated 
show that night time is the most critical angle, due to the fact that the values were close to 15%.  
The low and high sun angles showed similar percent errors; however, the numbers suggest that 
the low angle provides a darker, more distinct color against the pavement compared to the high 
sun angle.  The strip captured at high sun angle covered a larger area.  Therefore, it is reasonable 
to conclude that the ability to view a feature at low sun angle and high sun angle is close to the 
same. 
Determining a critical orientation will help the iFerret system in identifying cracks which 
are propagating in a direction that is harder to detect.  For this investigation, four images 
containing size A steel strips in the first arc at high sun angle were selected for comparison.  
Figure 114 shows the pixelated strips and the nature of their orientation. 
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Figure 114: (From Top to Bottom) Steel Strip Oriented at 0, 45, 90, and 315 Degrees from the 
Radial Azimuth 
The strip oriented at 0 degrees covered an area of 10 pixels, the 45 degree strip contained 
31 pixels, the 90 degree strip contained 75 pixels, and the 315 degree strip contained 43 pixels.  
This suggests that a crack propagating along the camera’s line of sight may be more difficult to 
detect.  The percent errors were calculated to support this.  Tables 30-37 contain the RGB data. 
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Tables 30 and 31: 1/8” Width Steel Strip and Background RGB Values, 0 Degrees 
  
Steel Strip A,  
0 degrees 
   
Background RGB Values  
(Size A Image) 
Red Green Blue 
 
Red Green Blue 
Endpoint 103 108 111 
 
Coordinate 1 120 124 123 
Endpoint 92 97 100 
 
Coordinate 2 121 125 128 
Midpoint 85 90 93 
 
Coordinate 3 122 126 129 
Average 93.33 98.33 101.33 
 
Average 121 125 126.67 
 
Tables 32 and 33: 1/8” Width Steel Strip and Background RGB Values, 45 Degrees 
  
Steel Strip A,  
45 degrees 
   
Background RGB Values  
(Size A Image) 
Red Green Blue 
 
Red Green Blue 
Endpoint 90 98 101 
 
Coordinate 1 119 123 124 
Endpoint 100 103 108 
 
Coordinate 2 121 127 127 
Midpoint 85 93 96 
 
Coordinate 3 119 123 126 
Average 91.67 98 101.67 
 
Average 119.67 124.33 125.67 
 
Tables 34 and 35: 1/8” Width Steel Strip RGB Values, 90 Degrees 
  
Steel Strip A,  
90 degrees 
   
Background RGB Values  
(Size A Image) 
Red Green Blue 
 
Red Green Blue 
Endpoint 95 98 103 
 
Coordinate 1 121 125 128 
Endpoint 85 90 94 
 
Coordinate 2 122 126 129 
Midpoint 87 97 99 
 
Coordinate 3 120 124 127 
Average 89 95 98.67 
 
Average 121 125 128 
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Tables 36 and 37: 1/8” Width Steel Strip RGB Values, 315 Degrees 
  
Steel Strip A,  
315 degrees 
   
Background RGB Values  
(Size A Image) 
Red Green Blue 
 
Red Green Blue 
Endpoint 90 98 101 
 
Coordinate 1 123 127 128 
Endpoint 92 95 100 
 
Coordinate 2 125 129 130 
Midpoint 87 95 98 
 
Coordinate 3 124 128 129 
Average 89.67 96 99.67 
 
Average 124 128 129 
 
The percent errors were calculated for each orientation.  For a 0 degree orientation (along 
the line of sight of the camera), the percent error values were: Red=22.87%, Green=21.34%, and 
Blue=20.01%.  For a 45 degree orientation, the values were: Red=23.40%, Green=21.18%, and 
Blue=19.20%.  For a 90 degree orientation, the percent error values were: Red=26.45%, 
Green=24.00%, and Blue=22.91%.  Finally, for the 315 degree orientation, the values were: 
Red=27.69%, Green=25.00%, and Blue=22.74%. 
The percent error values were the lowest for 0 and 45 degree orientation.  Combined with 
the pixel areas of the strips, this suggests that a feature oriented along the camera line of sight (0 
degrees from the radial azimuth) would be more difficult to distinguish by the camera. 
The two steel strip widths (1/8” found in sizes A and C and 1” found in sizes B and D) 
were compared.  Each width represented a level of crack severity according to ASTM D5340, as 
previously discussed.  The images selected for comparison contained strips C and D in the first 
arc, rotated to 315 degrees and captured at high sun angle.  Figure 115 shows sections of each 
pixelated strip. 
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Figure 115: Section of Size D Strip (Top) and Section of Size C (Bottom) Strip 
The 1” wide (Size D) strip covered an area of 147 pixels, and the 1/8” wide (Size C) strip 
covered an area of 133 pixels.  This indicates that the iFerret system could detect the wider strip 
with more ease than the narrow width.  The percent error values were calculated to support this.  
Tables 38-41 show the RGB data. 
Table 38 and 39: 1” Width Steel Strip and Background RGB Values 
  
Steel Strip D,  
315 degrees 
   
Background RGB Values  
(Size D Image) 
Red Green Blue 
 
Red Green Blue 
Endpoint 86 92 92 
 
Coordinate 1 125 130 133 
Endpoint 68 76 79 
 
Coordinate 2 124 128 131 
Midpoint 46 54 57 
 
Coordinate 3 123 127 130 
Average 66.67 74 76 
 
Average 124 128.33 131.33 
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Tables 40 and 41: 1/8” Width Steel Strip and Background RGB Values 
  
Steel Strip C,  
315 degrees 
   
Background RGB Values  
(Size C Image) 
Red Green Blue 
 
Red Green Blue 
Endpoint 97 102 105 
 
Coordinate 1 122 126 127 
Endpoint 92 100 102 
 
Coordinate 2 122 126 127 
Midpoint 83 86 91 
 
Coordinate 3 123 128 132 
Average 90.67 96 99.33 
 
Average 122.33 126.67 128.67 
 
The percent errors were calculated for each strip width.  For the 1” wide strip (size D), 
the percent error values were: Red=46.23%, Green-42.34%, and Blue=42.13%.  For the 1/8” 
wide strip (Size C), the values were: Red=25.88%, Green=24.21%, and Blue=22.80%. 
The values show that the 1/8” strip is closer in color to its background than the 1” strip.  
This, in combination with the pixel areas, suggests that the iFerret system can more easily detect 
high severity cracks than medium severity, which is to be expected due to the definition of 
medium and high severities. 
The final variable investigated was aspect ratio. For the metal strips, the aspect ratio is 
given as length:width:thickness.  The aspect ratios for each size are shown below in Table 42. 
Table 42: Aspect Ratios for Steel Strips 
Strip 
Size 
Aspect 
Ratio 
A 48:01:01 
B 48:08:01 
C 144:01:01 
D 144:08:01 
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The images selected for aspect ratio comparison contained all four steel strip sizes 
located in the first arc.  Each strip was oriented at 45 degrees and each image was captured at 
high sun angle.  Figure 116 shows the pixelated steel strips. 
 
 
 
 
Figure 116: (From Top to Bottom) Strip Size A, Size B, Section of Size C, Section of Size D 
Note how the color intensity is darker for the two wider strips, B and D.  The pixel area 
for size A was 41 pixels, size B covered 63 pixels, size C covered 99 pixels, and size D covered 
177 pixels.  RGB data is found in Tables 43-50. 
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Tables 43 and 44: 1/8” Width Steel Strip and Background RGB Values, Aspect Ratio 48:1:1 
  
Steel Strip A,  
45 degrees 
   
Background RGB Values  
(Size A Image) 
Red Green Blue 
 
Red Green Blue 
Endpoint 103 106 113 
 
Coordinate 1 121 125 126 
Endpoint 99 107 110 
 
Coordinate 2 119 123 126 
Midpoint 85 93 96 
 
Coordinate 3 121 125 126 
Average 95.67 102 106.33 
 
Average 120.33 124.33 126 
 
Tables 45 and 46: 1” Width Steel Strip and Background RGB Values, Aspect Ratio 48:8:1 
  
Steel Strip B,  
45 degrees 
   
Background RGB Values  
(Size B Image) 
Red Green Blue 
 
Red Green Blue 
Endpoint 97 105 108 
 
Coordinate 1 126 130 131 
Endpoint 96 101 105 
 
Coordinate 2 127 128 130 
Midpoint 53 60 66 
 
Coordinate 3 125 129 130 
Average 82 88.67 93 
 
Average 126 129 130.33 
 
Tables 47 and 48: 1/8” Width Steel Strip and Background RGB Values, Aspect Ratio 144:1:1 
  
Steel Strip C,  
45 degrees 
   
Background RGB Values  
(Size C Image) 
Red Green Blue 
 
Red Green Blue 
Endpoint 94 100 100 
 
Coordinate 1 122 127 130 
Endpoint 102 106 105 
 
Coordinate 2 124 129 132 
Midpoint 84 89 93 
 
Coordinate 3 123 128 131 
Average 93.33 98.33 99.33 
 
Average 123 128 131 
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Tables 49 and 50: 1” Width Steel Strip and Background RGB Values, Aspect Ratio 144:8:1 
  
Steel Strip D,  
45 degrees 
   
Background RGB Values  
(Size D Image) 
Red Green Blue 
 
Red Green Blue 
Endpoint 88 92 95 
 
Coordinate 1 120 125 128 
Endpoint 72 77 81 
 
Coordinate 2 122 128 128 
Midpoint 48 53 59 
 
Coordinate 3 120 125 128 
Average 69.33 74 78.33 
 
Average 120.67 126 128 
 
The percent error values were calculated for the various aspect ratios.  For the 48:1:1 
ratio (size A), the percent error values were: Red=20.49%, Green=17.96%, and Blue=15.61%.  
For the 48:8:1 ratio (size B), the values were: Red=34.92%, Green=31.26%, and Blue=28.64%.  
For the 144:1:1 ratio (size C), the percent error values were: Red=24.12%, Green=23.18%, and 
Bllue=24.18%.  Finally, for the 144:8:1 ratio (size D), the values were: Red=42.55%, 
Green=41.27%, and Blue=38.81%. 
The percent error values, combined with the pixel areas, clearly show that size D has the 
darkest color and covers the most area.  In addition, the coloring of size A resembles the 
background more closely than the other sizes and also has the smallest area of coverage.  This 
supports the reasonable hypothesis that a smaller, narrower crack would be harder to detect by 
the iFerret system than a longer, wider crack. 
 
4.2.3 Comparison of Longitudinal and Transverse Cracks 
To get a closer look at the comparison of longitudinal and transverse cracks, a procedure 
identical to section 4.2.2 was followed in order to gain a fuller understanding of the crack 
detection ability using actual pavement cracks.  Three longitudinal cracks of low, medium and 
high severity were compared to three transverse cracks of low, medium, and high severity.  Each 
image was captured at high sun angle, however, due to the selection limitations, slight variability 
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exists between the photos.  The major source of variability is that each crack is a different 
distance away from the camera.  This was an unavoidable variable in the comparison. 
First, a low severity longitudinal crack was identified on a slab.  The top portion of 
Figure 117 shows the crack highlighted by a red box, found on Center Slab 2.  When zoomed 
and pixelated, as seen in the bottom of Figure 117, the crack width was found to be between 1-2 
pixels. 
 
 
Figure 117: Low Severity Longitudinal Crack on Center Slab 2 (Top) and Pixelated Portion of 
Low Severity Longitudinal Crack (Bottom) 
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 Following the procedure in the previous section, the RGB color values were recorded for 
three different points along the crack, as well as for three coordinates in the background.  Tables 
51 and 52 show the color values. 
Tables 51 and 52: RGB Color Values for Low Severity Longitudinal Crack and Background 
 
Low Severity 
Longitudinal Crack 
 
 
Background RGB Values 
(Low Severity Long.) 
Red Green Blue 
 
Red Green Blue 
Endpoint 101 102 107 
 
Coordinate 1 126 126 128 
Endpoint 104 106 105 
 
Coordinate 2 126 128 127 
Midpoint 106 106 104 
 
Coordinate 3 126 126 128 
Average 103.67 104.67 105.33 
 
Average 126 126.67 127.67 
 
The percent error for each color was calculated.  Red yielded an error of 17.72%, Green 
was 17.37%, and Blue was 17.50%.  An error value of slightly above 15% shows that the color is 
marginally distinct from its background.  Figure 118 shows the profile plot for the low severity 
longitudinal crack. 
 
 
 
 
 
118 
 
 
 
Figure 118: Low Severity Longitudinal Crack Profile Path (Top) and Profile Plot (Bottom) 
 A low severity transverse crack was identified on Center Slab 12.  It appeared on the 
iFerret image as a white haze, showing reflected light off the crack.  The top portion of Figure 
119 shows the difficult distinction of the low severity transverse crack, and the bottom image in 
Figure 119 shows a pixelated portion of the crack.  The width was estimated to be 1 pixel. 
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Figure 119: White Haze of Low-Severity Transverse Crack (Top) and Pixelated Portion of Low 
Severity Transverse Crack (Bottom) 
Tables 53 and 54 show the RGB color values for the low severity transverse crack and 
background.  The percent errors calculated were Red=5.05%, Green=5.96%, and Blue=3.95%.  
These low values indicate that the crack appears very similar to its background.  The profile path 
and plot are found in Figure 120.  The spike in the profile plot shows the white haze of the low 
severity crack. 
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Tables 53 and 54: RGB Color Values for Low Severity Transverse Crack and Background 
  
Low Severity  
Transverse Crack      
Background RGB Values  
(Low Severity Trans.) 
Red Green Blue 
 
Red Green Blue 
Endpoint 124 130 128 
 
Coordinate 1 119 123 124 
Endpoint 124 129 132 
 
Coordinate 2 118 121 128 
Midpoint 127 132 135 
 
Coordinate 3 120 125 128 
Average 125 130.33 131.67 
 
Average 119 123 126.67 
 
 
 
Figure 120: Low Severity Transverse Crack Profile Path (Top) and Plot (Bottom) 
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Comparing the color intensities of the longitudinal and transverse crack using the 
equation 
              
|                                   |
|                  |
      
gave percent differences of Red=20.58%, Green=24.52%, and Blue=25.01%.  This shows that 
the colors of each crack are different. 
 A medium severity longitudinal crack was identified on Center Slab 7.  Figure 121 shows 
the crack and its pixelated image.  The width of the crack ranges from 1-4 pixels.  Tables 55 and 
56 show the RGB color data for the crack and its background. 
 
 
Figure 121: Medium Severity Longitudinal Crack on Center Slab 7 (Top) and Portion of 
Pixelated Medium Longitudinal Crack (Bottom) 
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Tables 55 and 56: RGB Color Values for Medium Severity Longitudinal Crack and Background 
  
Medium Severity 
Longitudinal Crack      
Background RGB Values  
(Medium Severity Long.) 
Red Green Blue 
 
Red Green Blue 
Endpoint 75 83 86 
 
Coordinate 1 116 124 127 
Endpoint 99 108 105 
 
Coordinate 2 117 121 122 
Midpoint 97 100 107 
 
Coordinate 3 120 124 125 
Average 90.33 97 99.33 
 
Average 117.67 123 124.67 
 
 The calculated percent errors between the crack color and background color were 
Red=23.23%, Green=21.14%, and Blue=20.33%.  This shows that the crack is a distinct color 
from its background.  The profile path and plot are seen in Figure 122. 
 
 
Figure 122: Medium Severity Longitudinal Crack Profile Path (Top) and Plot (Bottom) 
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 A medium severity transverse crack was found on Center Slab 6.  Figure 123 shows the 
crack on the slab and a pixelated portion.  The width ranges from 1-2 pixels.  The RGB color 
data is found in Tables 57 and 58. 
 
 
Figure 123: Medium Severity Transverse Crack on Center Slab 6 (Top) and Portion of Pixelated 
Medium Transverse Crack (Bottom) 
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Tables 57 and 58: RGB Color Values for Medium Severity Transverse Crack and Background 
  
Medium Severity 
Transverse Crack     
Background RGB Values  
(Medium Severity Trans.) 
Red Green Blue 
 
Red Green Blue 
Endpoint 107 111 112 
 
Coordinate 1 120 121 125 
Endpoint 108 112 115 
 
Coordinate 2 120 124 125 
Midpoint 102 106 109 
 
Coordinate 3 119 120 124 
Average 105.67 109.67 112 
 
Average 119.67 121.67 124.67 
 
 The percent errors between the medium severity transverse crack color and its 
background color were Red=11.70%, Green=9.86%, and Blue=10.16%.  This shows that the 
crack appears similar to its background.  The profile path and plot are seen in Figure 124. 
 
 
Figure 124: Medium Severity Transverse Crack Profile Path (Top) and Plot (Bottom) 
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 When comparing the colors of the longitudinal and transverse cracks of medium severity, 
the percent errors were Red=16.98%, Green=13.06%, and Blue=12.76%.  This shows that the 
two cracks appear as similar colors. 
 A high severity longitudinal crack was identified on Center Slab 12.  Figure 125 shows 
the crack and its pixelated image, which was found to be 1-4 pixels wide.  Tables 59 and 60 
show the RGB color data. 
 
 
Figure 125: High Severity Longitudinal Crack (Top) and Portion of Pixelated High Longitudinal 
Crack (Bottom) 
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Tables 59 and 60: RGB Color Values for High Severity Longitudinal Crack and Background 
  
High Severity  
Longitudinal Crack     
Background RGB Values  
(High Severity Long.) 
Red Green Blue 
 
Red Green Blue 
Endpoint 101 106 109 
 
Coordinate 1 125 131 131 
Endpoint 91 96 100 
 
Coordinate 2 126 130 133 
Midpoint 84 92 95 
 
Coordinate 3 123 127 130 
Average 92 98 101.33 
 
Average 124.67 129.33 131.33 
 
 The percent error values were calculated to compare the colors of the crack with the 
background color.  The numbers were Red=23.23%, Green=21.14%, and Blue=20.33%.  This 
shows that the crack is a distinct color from its background.  Figure 126 shows the profile path 
and plot for the crack. 
 
 
Figure 126: High Severity Longitudinal Crack Profile Path (Top) and Plot (Bottom) 
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 A high severity transverse crack was found on Center Slab 11.  The crack and its 
pixelated image are seen in Figure 127, and the RGB color data is reported in Tables 61 and 62.  
The crack width ranged from 3-8 pixels. 
 
 
Figure 127: High Severity Transverse Crack (Top) and Portion of Pixelated High Transverse 
Crack (Bottom) 
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Tables 61 and 62: RGB Color Values for High Severity Transverse Crack and Background 
  
High Severity  
Transverse Crack     
Background RGB Values  
(High Severity Trans.) 
Red Green Blue 
 
Red Green Blue 
Endpoint 78 81 88 
 
Coordinate 1 120 124 127 
Endpoint 58 59 61 
 
Coordinate 2 126 130 129 
Midpoint 64 68 71 
 
Coordinate 3 124 128 131 
Average 66.67 69.33 73.33 
 
Average 123.33 127.33 129 
 
 The percent error values between the crack color and background color were 
Red=45.94%, Green=45.55%, and Blue=43.16%.  These high numbers show that the crack is 
distinctly visible against the background.  The profile path and plot are seen in Figure 128. 
 
 
Figure 128: High Severity Transverse Crack Profile Path (Top) and Plot (Bottom) 
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 Comparing the high severity longitudinal and transverse crack colors, the percent error 
values were Red=27.53%, Green=29.26%, and Blue=27.63%.  This shows that the two cracks 
appear different in color. 
 To summarize the percent error comparisons, the high severity cracks were most distinct, 
and the low severity cracks were most similar to the background color for both longitudinal and 
transverse cracks.  The longitudinal cracks were larger in area and better defined against the 
background color than transverse cracks for low and medium severity.  At high severity, the 
transverse crack selected was larger and much more discernible against the background than the 
longitudinal crack.  These comparisons are highly dependent on the cracks chosen on the 
pavement, since crack distance from camera may present variability in the results. 
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Chapter 5: Summary, Conclusion, and Recommendations 
 
5.1 Summary of Study 
This thesis investigates the use of an electro-optical FOD scanning system for pavement 
management purposes at airports.  An extensive literature review was conducted to provide an 
overview of airfield pavement distress surveying and Foreign Object Debris (FOD) presence and 
detection on airfields.  Two case studies were presented which explored pavement rehabilitation 
methods at airports, and automated pavement distress collection and its technological advances 
were discussed.  Research methods outlined the proposed testing for pavement surveying and the 
simulation of cracks on the airfield.  In addition, image processing techniques and tools were 
introduced and utilized throughout the study.  The results of the pavement distress survey and 
cracking simulation were then analyzed and presented.  The Pavement Condition Index value 
was calculated to be 22 out of a possible 100, which is classified as “serious”.  The image 
comparison showed slab images as captured by the iFerret and by a standard digital camera.  The 
cracking study showed that the steel strips were an accurate representation of pavement cracks as 
seen through iFerret images, and the critical parameters of each variable investigated were 
identified.  The critical sun angle was night time, the farthest distance from the camera was 
critical, the critical width was 1/8”, the critical crack orientation was 0 degrees, and the critical 
aspect ratio was 8:1:1.  Longitudinal and transverse cracks were further compared to determine 
detection ability among crack severity. 
 
5.2 Conclusion 
From the Pavement Condition Index survey performed on Taxiway MM at O’Hare 
International Airport, it was determined that the pavement is in need of extensive maintenance 
and rehabilitation.  Patches and wide cracks were generating FOD throughout the length of the 
sampled slabs.  The image comparison study suggested that factors such as distance from 
camera, crack orientation, and crack severity affect the iFerret system’s ability to capture 
features. 
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The cracking study concluded that the steel strips used in testing were close 
representations of true pavement cracks.  The crack and strip widths were similar in pixel size 
and color, for both longitudinal and transverse cracking.  In turn, critical parameters were 
identified using the testing combinations of the steel strips.  Out of the three sun angles studied 
(low, high, and no sun), the strips were hardest to identify in the iFerret images at night.  They 
appeared to be most defined at low sun angle, and appeared over larger areas at high sun angle.  
When studying the four different strip rotations, the strips were most difficult to distinguish at 0 
degree orientation (along the line of sight of the camera).  Any cracks which propagate in this 
direction would be the most difficult for the system to detect. 
Another parameter studied was strip width.  It was found that the 1/8” wide steel strips 
were harder to identify in the images than the 1” wide strips when comparing color and pixel 
area.  Not surprisingly, it was found that wider and more severe cracks would be easier for the 
iFerret system to detect than narrower, less-severe cracks.  Similarly, aspect ratio was compared, 
and the size A (8:1:1) strips were most difficult to distinguish in the images due to the small 
pixel area coverage and color.  The size D (144:8:1) strips appeared the darkest and covered the 
most area, making a feature of this size an easier target for the system to detect. 
The final variable was the target distance from the camera.  Out of the three distances 
tested (188 ft, 208 ft, and 228 ft), the target placed farthest from the camera was the most 
difficult to discern from its background.  The 188 ft distance was best in terms of easy feature 
identification, feature color against the background, and feature size.  Cracks positioned nearer to 
the iFerret would be more easily identifiable than distresses on distant slabs. 
  
5.3 Recommendations 
  This study identified critical variables that affected the quality of images.  To better 
calibrate the iFerret program, it would be important to check its ability to detect targets at the 
critical parameters for optimal performance.  More variables should be introduced to get a more 
thorough understanding of the iFerret system’s capabilities, such as testing after a rain event or in 
the presence of moisture, testing on different types of pavement, and testing at locations with 
multiple sensors. 
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The use of ImageJ showed the applications of operations which could prove useful in the 
analysis of pavement images.  Subtracting background enhances the features of distresses, 
subtracting images allows the user to observe changes in distresses over time, and size estimation 
shows the potential to quantify distress dimensions without field measurement.  Processes such 
as these could be valuable to an airport manager or pavement engineer if incorporated into the 
Stratech proprietary software. 
The information gathered in this study will allow Stratech to test and calibrate their 
software and algorithms with the steel strips, with particular concern for the critical parameters 
described in this paper.  In addition, the images captured in this study can be used in the future to 
undergo proprietary image processing.  The images can also be stored to observe pavement 
distress data over time. 
Working with the iFerret system in its early stages of pavement management application 
provided unique insight into its software development and modifications.  There are still some 
needed adjustments to the software before it can truly be tailored to identify pavement distresses.  
Until now, the system has been taught that any features of the pavement were part of the 
background.  Now, the software is being updated to detect the color and size range of various 
pavement distresses.  This system will continue to evolve to become even more useful to airports 
in the future. 
The next step in this study may include developing prediction equations for target 
detection to incorporate into the software.  Supplementary programs may be developed to 
automatically calculate PCI values from detected distresses.  Future testing can use the steel 
strips introduced in this study for crack simulation. 
One technology on the horizon is the implementation of High-Definition (HD) cameras.  
The current cameras will soon be replaced with HD cameras.  This will undoubtedly affect the 
iFerret capabilities.  When the installation is completed, it is recommended to perform a similar 
cracking study as presented in this paper to compare detection ability and system performance to 
the previous camera observations.  It is important to continue to work closely with Stratech to 
improve their detection algorithms, as well as collaborate on image processing techniques and 
analyze sequences of images. 
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It would be prudent to perform another Pavement Condition Index Survey over the same 
slabs described in this study at a future date.  Ideally, another survey would take place after the 
taxiway has undergone maintenance measures, but if no maintenance is administered, the survey 
could take place between six months and one year after the initial survey (September 2012-
March 2013).  It will be important to keep good documentation of the pavement condition 
throughout the life of this study. 
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